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ABSTRACT

River damming for electric power production usuatiggers anthropic activities that strongly
impact on aquatic ecosystem. One of the consegseoteénstalling small reservoirs in
regions subject to an intense process of urbanrza#éind industrialization is the over-
abundance of macrophytes, resulting from the igpuiutrients in high concentration into the
aquatic ecosystem. Currently, the large volume oftitemporal remote sensing images
available in open data sources, as well as the ¢oghputational performance that allow the
mining of large volumes of data has made the mangoof environmental phenomena a
recurrent object of analysis. The aim of this stigdjo develop a methodology based on the
integration of heterogeneous data, provided by 8erées of multispectral and multitemporal
Landsat images and collections of historical climalata, to investigate the evolution and
spatial behavior of aquatic macrophytes in lakes emtrophic reservoirs. So, the extensive
temporal collection of the Landsat surface refleceaimages made available as well as
environmental variables data permitted the constmcand analysis of time series to
investigate the recurrent over-abundance of magtephin Salto Grande reservoir, located in
the metropolitan region of Campinas, Sao PauloziBrhitially, it was found that the the
Landsat images have the necessary radiometrictgualiperform the time series analyses,
through an assessment based on information abewRikel Quality Assessment Band made
available in the metadata of the scenes. Applyimgcipal Component Analysis to the NDVI
time series and using K-Means to cluster the scofethe first component, the reservoir
sectors were segmented based on the NDVI tempariability. Using the BFAST algorithm,

it was possible to analyze the persistence of nphgttes in the reservoir. The most abrupt
changes, found by the breakpoints, highlightedittygortance of monitoring the regions of
the dam and near the river. This approach madesisiple to map the spatial distribution of
macrophytes, to identify periods when abrupt disons occurred in the various sectors and
to verify the increase in the occurrence of macytgshin almost the entire reservoir. The
influence of exogenous variables on macrophytestateon of the reservoir was investigated
considering two scenarios. Firstly, the effect lbé tanthropogenic occupation around the
reservoir was evaluated comparing NDVI and the NDe series. The influence of weather
conditions was investigated through joint analysis NDVI time series and climatic
oscillation time profiles, constructed from the N®Aistorical data of the air temperature,
meridional and zonal winds and precipitable watéith a higher variability, NDVI showed
similar seasonal patterns with NDBI while maintagnian increase in trend for all studied
period, confirming that the macrophytes in the mesie still are in greening process.
Moreover, this greening process is also highlightégn not only trend and seasonality are
correlated in specific locations of the area witte tclimatic variables, but also when
incorporating these three variables to the NDViesethrough a Granger-causality model.
When combined to lagged values, the climatic véemlwere found to Granger-causality
NDVI, thus, important to describe and predict thecnophytes’ persistence.

Keywords: time series analysis, aquatic macrophytseote sensing images, spatiotemporal
dynamics, NDVI, causality.



RESUMO

O represamento de rios para a producdo de endégieca usualmente provoca atividades
antropicas que impactam um ecossistema aquatitenfente. Uma das consequéncias de se
instalar pequenos reservatorios em regides sujaitedensos processos de urbanizacdo e
industrializacdo é a abundéancia de macrdfitas)teega do despejo de nutrientes em grandes
concentragbes no ecossistema aquatico. Recentementgrande volume de images
multitemporais de sensoriamento remoto disponieeis bancos de dados gratuitos, bem
como a alta performance computacional que permiteireeracdo de grandes volumes de
dados, fazem com que o monitoramento de fenOmanbgatais seja um objeto de estudo
recorrente. O proposito desse estudo é desenwgiv@metodologia baseada na integracéo de
dados heterogéneos, fornecidos por séries tempiwaislecées de imagens multiespectrais e
multitemporais Landsat e colecfes de dados climeticstoricos, para investigar a evolugéo e
comportamento espacial de macrofitas aquaticasagws|e reservatérios eutrofizados. A
extensa colecdo temporal de imagens de superfecieefliectancia Landsat disponivel e
também dados de variaveis ambientais permitiramnataucéo e analise de séries temporais
para investigar a recorrente abundancia de maasofib reservatorio de Salto Grande,
localizado na regido metropolitana de Campinas, Baalo, Brasil. Inicialmente, foi
encontrado que as imagens Landsat possuem a qlealiddiométrica necessaria para se
realizar as analises de séries temporais, atravasaliacdo baseada na informacéo contida na
banda "Pixel Quality Assessment”, disponivel cometasiado das cenas estudadas.
Aplicando-se Analise de Componentes Principaiséaigs temporais de NDVI e usando K-
meédias para agrupar os escores do primeiro compmnsatores do reservatoério foram
segmentados baseados na variabilidade temporaDdd Nsando o algoritmo BFAST, foi
possivel analisar a persisténcia das macrofitaseservatério. As mudangas mais abruptas,
encontradas por pontos de quebra, destacaram atémpi@ do monitoramento da regido da
usina e proxima ao rio. Esse método possibilitonapeamento da distribuicdo espacial das
macrdfitas, a identificacdo de periodos de intex@ep abruptas ocorridas em varios setores, e
a verificacdo do aumento da ocorréncia de macsoéita praticamente todo o reservatorio. A
influéncia de variaveis exdgenas na infestacao derdfitas no reservatorio foi investigada
considerando dois cendrios. Primeiramente, o ef#édtoocupagcdo antrdpica em torno do
reservatorio foi avaliado comparando as séries ¢eagp de NDVI e NDBI. A influéncia de
condi¢des climaticas foi investigada através déissméonjunta das seéries temporais de NDVI
e perfis de oscilagBes climaticas construidos pedol®s histéricos NOAA de temperatura do
ar, ventos meridionais e zonais, e agua precipit&a@nm maior variabilidade, NDVI mostrou
padrdes sazonais similares com o NDBI enquanto endotum aumento de tendéncia por
todo o periodo estudado, confirmando que as m#asofio reservatorio ainda estdo em
processo de floracdo. Ainda, esse processo de;dloré destacado ndo apenas através da
tendéncia e sazonalidade correlacionada em lodaisdaspecificas com variaveis climaticas,
mas também ao se incorporar essas trés variaveiaticas a série de NDVI através de
modelos de causalidade de Granger. Quando combgtadovalores defasados, as variaveis
climaticas foram responsaveis em Granger-causarD¥INe, portanto, importante em
destacar e predizer a persisténcia de macrofitas.

Palavras-chave: analise de series temporais, nitasré@iguaticas, imagens de sensoriamento
remoto, dinamica espaco-temporal, NDVI, causalidade
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1 INTRODUCTION

Water resources degradation occurs due to natndataltural factors, mainly
related with the accelerated and sometimes predaiupation of river’'s wellsprings and
margins, lakes and reservoirs, extending beyonu timenediate neighborhood. The future
use of these resources requires an integrated mauesg, subsidized by the monitoring of
anthropic occupation of their surroudings, with fuepose of identifying and integrating the
diversity of components which contributes for tlegdation of the aquatic environment.

Several researches (Gomez et al., 2016; Mahmookza@87; Jakubauskas et
al., 2012) support the premise that remote sensiran effective alternative for the inland
waters system monitoring. The possibility of acdigs of orbital, sinoptic remote sensing in
different dates of the year gives information tAbdws the inference about the status of the
aquatic environment, based on optical propertiesthair constituents. Moreover, the
availability of historical series systematicallkéa by sensors aboard orbital platforms makes
possible not only the aquatic system monitoring;, &lso the development of time-series
based models in order to analyze, map and compdeherdegradation processes.

Monitoring natural resources and identifying poi@ninusual phenomena in a
region are possible both in terrestrial and aquetiaronments by inspecting spatial, temporal
and thematic properties of an image or a set ahtf@dmez et al., 2016). Mahmoodzadeh
(2007) highlighted that remote sensing sensorable to scan a region repeatedly, which is
necessary to detect changes in regional and gtmladés. However, the increased availability
of computational tools to extract information framultispectral images, such asthmetic
operations among bands to enhance some spectmactdrastics of the target or machine
learning algorithms, has made the use of remotsirsgrin mapping and monitoring natural
resources recurrent.

The great volume of multispectral images (in teoh®iumber of images and
number of bands per image) taken by the UnitedeStét.S.) satellites’ sensors of Landsat
program, available since 1972, Multispectral Scan@SS — Landsat 1), Landsat 5
(Thematic Mapper — TM), Landsat 7 (Enhanced Thesisliapper Plus — ETM+), and the
more recent Landsat 8 (Operational Land ImageLh i@ 2013, allow significant amount of
time series generation based on information pravigethese images. As reported by Franca
et al. (2007), availability of these images perntits access of information from extensive
areas in regular time periods. Even with this useemotely sensed products, in contrast,

small water bodies like artificial reservoirs stitceives little attention from the research
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community, while large ones are regularly monitofed., Zhang et al., 2016). According to
Jones et al. (2017), this may happen because iatamfrom small areas like reservoirs is
challenging to compile and to update at regionajlobal levels, unless spatial and temporal
resolutions of the satellite images are sufficiehigh.

It is possible to integrate data from other sourtteshe spectral bands of
original multispectral sensors or those resultirgf some processing that enhances some
important characteristics, which together can ¢bute to the analysis of the relation of the
physical environment and the human occupation.ef@ample. Meteorological variables as
temperature, precipitation, direction and wind sheelative air humidity and others are also
available in temporal collections and can be carsid when using appropriate statistical
tools as a way to integrate this ancillary inforimatin the characterization of temporal
changes (Lu et al., 2004).

The substantial volume of data available in muitperal imageries acquired
from TM, ETM+ and OLI multispectral sensors as wadl historical series of meteorological
variables create the possibility of the joint udeheterogeneous data in water resources
monitoring like small reservoirs. At the same tirtlee growing capacity and models for data
processing in different formats and origins, issynchrony with the development of new
software tools, enabling the construction of sdveenarios to effectively explore the
evolution of phenomena that occur in aquatic anesérial environments.

The hypothesis of this research is that the contibimaof different scenarios,
built by integrating remote sensing multitemporatadand environmental variables provided
by other sources in time series configuration, geto monitor the evolution of specific
environmental phenomena and to identify natural catturally significant events that
provoked ruptures in eutrophicated water bodies.

To test this hypothesis, it was identified that hhigquatic macrophytes
infestations is recurrent in the Salto Grande raserformed by the impoundment of Atibaia
river during the installation of Americana’s hydiearic plant in 1949. Inserted in the
metropolitan region of Campinas, the reservoirgaundings suffered an intense anthropic
occupation process, starting with townhouse ansutes area constructions and spreading
progressively with the urbanization and industziaiion of the region until the massive
development of sugarcane plantations. The land&aperrounding degradation was
accompanied by degradation in the water qualitythef reservoir, which accelerated the
development of extensive banks of aquatic emergattaphytes accumulated on the margins

and in the dam'’s vicinity.
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1.1 Objectives

The main aim of this research is to develop a nukilugy based on
hetereogeneous data integration — provided by thee tseries of multispectral and
multitemporal Landsat images and collections ofdnisal climatic data — to investigate the
evolution and spatial behavior of aquatic macrogsyh eutrophic lakes and reservoirs. The

specific objectives are:

- assess the radiometric quality of the fragmenmthe Landsat images to investigate, over
time, the occurrence of aquatic macrophytes in @éemwhody and the influence of its
surroundings, based on information about the Rxadlity Assessment Band made available
in the metadata of the scenes;

- explore the potential of Landsat image-attributese series to monitor the spatiotemporal
behavior of aquatic macrophytes, enabling the amalpf trends and changes in the
macrophytes occurrence in reservoirs;

- investigate whether the dispersion of macrophlgtess is influenced by climatic conditions
— exogenous factors — expressed by climatic vasaslich as temperature, precipitation, wind
direction, beyond the land use (e. g., anthropiioas) on its surroundings.

1.2 Motivation

The extensive historical imagery collection madailable by sensors
aboard orbital platforms has been object of stugdyreamote sensing due to the recent
computational hardware and software improvememtapleng not only the development of
robust methodologies but also the operational @tp canalysis. Using multisource data,
naturally the question of data integration emergaed, according to Tolpekin and Stein
(2013), it is useful in monitoring processes andnges, mainly when time series are used.
While it is possible to integrate the sensor infation with other data sources, such as
elevation models, land use and land cover, fieldasueements, forecasting models, non-
spatial data, etc., it is essential to seek tenipormrmation to adhere this existing
information. Jakubauskas et al. (2002) showed tthattime domain added to multispectral
data often provides more information about the domd of vegetation than spatial

information, for example.
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The unsustainable blooming of aquatic vegetaticangls the relationship
between natural vegetation and climatic conditipnsducing significative changes in the
water and ground condition (Jakubauskas et al.2;2@@nde, 2016). Investigation and
identification of general and seasonal patterrthénaquatic macrophytes behavior, according
to its spreading, dispersion and movement throbghréservoir, as well as its relation with
the anthropic occupation in the reservoir surrongsli need more than a static representation
of extracted information in multispectral image$ws, it is necessary to integrate datasets
from other sources and highlight their temporalspective. This condition is common in
many reservoirs located in areas with a high degreéehuman occupation, thus, the
methodology proposed in this research can constitutreference to define strategies of
management and control of infestation by aquaticroghytes in reservoirs. Moreover,
according to Eckert et al. (2011&nd Liu et al. (2018}here is a lack of studies that combine
climatic variables and the Normalized Differenceg¥tion Index (NDVI) in long-term time
series analysis in order to assess the stabilitiemiporal changes, and, there is a lack of
research about small reservoir areas.

To achieve the objectives proposed here, not ol Ns studied together
with climatic variables, as perturbations from thame observed in this index, but also the
correlation among these variables is addresseddtyse the response of aquatic vegetation
(Jakubauskas et al., 2012; Luo et al., 2016). Aerothetrics, the Normalized Difference
Built-Up Index (NDBI) is used to assess the impewmgness of the surrounding areas (Zha,
Gao & Ni, 2003). These time series indices are agpused by using the Breaks for Additive
Season and Trend (BFAST) algorithm (Verbesseltlet2810) to inspect their temporal
components. Villa et al. (2018) pointed out thahgistent satellite data can be used to
monitor and quantify intra and interannual trendsegetation cycles. The BFAST algorithm
is also suitable to be applied in these time senigdises as standard time series decomposition
methods that are not directly applicable to idgntitanges (Verbesselt et al., 2010). Finally,
causality models using the exogenous variableddaveloped to investigate if their values
have some potential causal association with the NI@Vanger causality test, for example,
has been used in studies like climatology and gbm&re conditions (Lee et al., 2015).

The question of quality of data is also importahe data obtained by the
government, such as meteorological data can bedategh through the metadata available in
the site directly, but a small portion of multispat images may not reflect the metadata
available for an entire image. Landsat 8 imagesekample, have a pixel resolution of 30m
for visible bands and have a scene size of 170 k&8% km (USGS, 2019). From this
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perspective, based on obstructions present in ageman overall indicator of quality for the
entire image may not reflect the quality of a matar small area. For example, cluster of
obstructions still yields good parts of an imagéjleva scattering of obstructions might make
the image worthless (USGS, 2018b).

Finally, the methodology proposed here for the nuoimg of eutrophic
reservoirs makes available not only a concretega®éor building time series for these water
bodies analysis, but also an indicator of the dquadf the images and a metric can be
incorporated in time series models to guide degisiakers about the feasibility of using the
extracted information. Moreover, the scenario esgrdoin the case study is expected to be
reproduceable in other small reservoirs by usirgdfatistical tools presented here, with the

addition of variables like climatic ones.

1.3 Thesis structure

This thesis is structured in five sections that cdbs the research
developed. Section 1 introduced the problem andemted the objectives and motivation
Section 2 presented the general theoretical baakgrthat embodied the research. In Section
3, the methodologies for experiments 1, 2 and laseribed. Section 4 shows all results and
discussion achieved by each one of the experimeng&ection 5, the concluding remarks and
next steps are addressed.

The above structure was adopted to suit to theetimain papers being
written based on the methodology developed and rewpats carried out. One entitled
“Macrophyte’s abundance changes in eutrophicatggidal reservoirs exemplified by Salto
Grande (Brazil): Trends and temporal analysis akptp Landsat remotely sensed data” was
already submitted to the Journal of Applied GeolgyapThe others are currently being
concluded to be sent to specific journals and arttled “Analyzing the influence of
exogenous factors on the spatiotemporal dynamicaqagatic macrophytes by time series
from spectral indices and climate data” and “Assgsthe quality of images in time series to

analyze the spatiotemporal dynamics of aquatic apduytes in small eutrophic reservoirs”.
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2 THEORETICAL BACKGROUND

This section is designed to explain the generabrth@sed in majority of
this study and supports the proposed methodologgcific topics which appear in the
experiments realized are treated in their corredipgnchapters.

2.1 Multispectral images and spectral indices

Multispectral images of terrestrial surface areaol®d by sensors on board
the satellites or aircrafts by the detection anésueement of interaction of electromagnetic
radiation (EMR) with terrestrial materials, notakdy wavelengths in which radiation is
reflected.

Among the systems currently in operation, therethe U.S. Landsat
American series. Started as Earth Resource Tedmd@atellite (ERTS) in 1972, several
more modern satellites were launched with more istipated sensors on board. The
Thematic Mapper (TM) sensor, on board the Landsahdl Landsat 5 satellites, had seven
spectral bands, of which six operated in opticactum with 30 meters spatial resolution.
The last band was a thermal one with 120 metemdutesn. The Enhanced Thematic Mapper
Plus (ETM+), on board the Landsat 7 and launchel®BB, contains the same spectral bands
of the previous satellites, however, a panchromiagicd was added with 15 meters spatial
resolution. In 2013, on board the Landsat 8, ther@mnal Land Imager (OLI) sensor also
contains similar characteristics of TM sensor, with addition of a coastal (ultra-blue) band
and it is useful to detect cirrus-type clouds.

Considering multispectral images, a pixel is refdras the position of an
element of resolution in terrestrial surface camtay information that is provided as a digital
number (DN). The DN is the quantization of the diesnce integrated in each pixel
transformed in electric signal. This number belotoghe[0, 29 — 1] interval, withQ being a
finite number of bits, which can change accordimghie radiometric resolution of the sensor.
The higher values of, the closer the quantized value will approachgéesor's generated
signals (Schowengerdt, 2006). As an example, sengstalled on board the Landsat 5 and 7
satellites have radiometric resolution — Q — ofit8,lwhereas Landsat 8 sensors have 16 bits
resolution, but only 12 bits are used for quanitrat

However, the DN value does not have a physical mgaand it does has

limitations if the targets from the images are symcific (Chavez Jr., 1988). To detect surface
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changes, results must be related to physical groumitd. In general, methods to convert DN
into a physical unit, e.g., reflectance (Milton 8¥9 for example) are based on sensor’s gains
and offsets, solar irradiance and zenithal solglea(Chavez Jr., 1996). The measurement,
however, still will contain atmospheric effectssaattering and absorption, and, to remove (or
at least minimize) them, some techniques must péeal as, if not taken in consideration,
the reflectance obtained from the DN will be the@aent reflectance and not the surface
reflectance. Examples of atmospheric effect rengwigchniques include the dark object
subtraction, which uses the DN directly (Chavez 1888) and radiative transfer models,
which are models implemented in many softwaresnmadge processing, e.g., the Moderate
Spectral Resolution Atmospheric Transmittance Atgor MODTRAM and Second
Simulation of the Satellite Signal in the Solar &pem (6S) (Kotchenova et al., 2006).

After removing the effects of atmosphere and witte tpurpose of
highlighting some specific kind of information aded from the multispectral images,
arithmetic operations are performed using the dffe spectral bands, which result in
multispectral indices. The reflectance measuredverted into multispectral indices (Myeni
et al, 1995). According to Verstraete & Pinty (139n index is considered optimal if it is
sensitive to the interested target (e.g., vegetapoesence), and insensitive to potential
perturbation (e.g., atmospheric effects and solbrc@hanges). Vegetation indices are
considered as efficient empirical methods becafistly, they explore the fact that green
vegetation can absorb much of the solar radiatnaihe visible spectrum (40tm - 700 nm),
particularly in blue wavelengths (430 nm), red (66@) for a-chlorophyll, and blue (450
nm), red (650 nm) foB-chlorophyll and scatter them at near infrared (NIFhe use of these
indices is explained by the fact that a huge volwhelata provided by satellites can be
processed with low computational effort, enablinmatsal and temporal analysis in large
scales (Myeni et al, 1995).

From the surface reflectance obtained from reg{) and NIR py:r)
bands of multispectral images, a metric which enbarvegetation areas of a scene is known

as Normalized Difference Vegetation Index (NDVlyen by:

(PNiR — PRED) (1)

NDVI =
(onir t PRED)

This index results in values within the interval,[-1] and is based on the chlorophyll

absorption in the red spectral region and the ex¢atf of EMR by the internal structure of the
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leaves in the NIR interval. In this way, in the ahse of any ancillary information, NDVI
interpretation is given by the higher the indexuealthe higher is the probability that the
inspected area is covered by green vegetation {(ete and Pinty, 1996).

Differently from vegetation areas, which are mommlogeneous, urban
areas present different land use and land coveseta e. g., residential areas with distinct
densities and socioeconomic structures, commerara industrial areas, presence of
coverings like roofs, highways, streets and otl{elexold et al., 2004). Despite being less
sensitive to temporal variations (except in emecgencases like accidents, fires, etc.), the
diversity of targets exhibits certain difficult béing classified (Jensen, 2000).

Just like the vegetation areas, built-up areasleashieir urban complexity
(Badlani et al., 2017), can also be identified Ipgdfic multispectral indices. Zha et al.
(2003) proposed arithmetic manipulations in ordeolbtain an index for built-up areas. This
formulation corresponds to the normalized diffeeebetween the reflectances of shortwave

infrared psy;r) @nd NIR py;r) bands, and is given by:

(Pswir — PNIR) (2)
(Pswir T+ PNIR)

NDBI =

and it is named as Normalized Difference Built-ungldx (NDBI). NDBI also has values
within the [-1, 1] interval. Positive values me#at the probability to find a a built-up area is
high.

Supposing that we have a collection of multisfdmages, each image
with n bands, it is possible to track a given processnbpecting the pixel values or index

values through that collection, for example, usartgne series approach.

2.2 Time series of images

Considering the fact that an image can be seen @stax, each pixel
contains an information on some attribute at atjpos(x, y). Extracting this information
from a determined pixel for each one of the images generated a time series for that
specific pixel (Jonsson, 2004). Figure 1 illustsdi@s situation.
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Figure 1. Pixel-wise image time series. (a) Seqeaiimages in different times with a pixel
at position (x,y) highlighted. (b) Time series frahe pixel at position (X,y). Source: Adapted
from Jonsson (2004).

From the time series obtained for the pigely), it is possible to study how
the evolution of the information presented in tireepis over timeLetT = {t:t; < t < t,} =
{1,2,...,N} a set of integer numbers, then a time series eatehoted afr(t):t € T} and be
continuous if its observations are collected camdursly over time or be discrete if collected
in equispaced time points. The time seffds) can be decomposed in three components:
trend, seasonality and error, the latter beingpidue which is not explained neither by trend
nor seasonality.

Among the temporal decomposition techniques, theréhe Breaks for
Additive Seasonal and Trend (BFAST) algorithm, vishidecomposes a time series into
another three series characterized by trend, sabtyoand error, through an additive model

given by:

Y, =T, +S,+e,t=1,..,N ?3)

in which Y; is the observation at a tinte T; is the trend componen§, is the seasonality
component, and; is the error, sometimes called also noise of tbdeh

The BFAST algorithm was proposed by Verbesseltlef{2010) and is
based on the principle that the estimates of cheage a combination of seasonal changes,
gradual and abrupt, being the latter caused by tevams deforestations, urbanizations,
floodings and fires (Verbesselt et al., 2010b). BHAST algorithm decomposes the time
series in the search of gradual and abrupt chamgése seasonal and trend components,
being possible of observation by looking for breaikps. Specifically, &; = y, observation

for some time is modelled as a linear trend component and adr@mseasonality:
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: . (2mjt
Vi = a; + ayt + z yjsin (T + 5j> +e; 4)

j=1

with unknown parameters being the intercent trend a,, amplitudesy;, and phases
(seasonality)y;, j = 1, ..., k. Thef term represents the frequency of the time semgkea
represents the error for a timewith standard deviation.

The number and positions of breaks in a time seniesunknown and have
to be estimated. The parametethat specifies the minimum number of observations i
segment must be provided so that the maximum nuwiblereaks will be the ratio between
this parameter and the number of observationgne §/N) (Watts & Laffan, 2013). The set
of breakpoints position€b,, ... b,,,) is obtained by a grid search procedure and iptsymum

when:

~

N
(by,...hy) = arg ming, 5) Z e? (5)
i=1

i.e., minimizing the sum of squared residuals. ®pgmal number of breakpoints is given by

the minimum Bayesian Information Criterion (BIC)i@@on, 1978), expressed by:
BIC = —21In(L) + Wlog(N) (6)

wherelL is the likelihood for the model and W is the numbeparameters and is added as a

penalty for the model estimation.

Figure 2 presents a flowchart exemplifying the &than procedure, applied

in some phenological study.
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Remotely sensed time series

r T T T T
2000 2002 2004 2008 2008
Time

Figure 2. Result obtained from BFAST algorithmgewle). Time series of NDVI values is
decomposed in seasonality (left) and trend (rigb¢Jow the detrended time series is given as

an example of the algorithm output. Source: Verbless al., 2010.

In the example of Figure 2; is the time series representing NDVI values.
The BFAST method detects changes in the originale tiseries: two in the seasonal
componentS; and one in the trend componeéht In T, it is detected an abrupt change
followed by a gradual recovery, as shown by theeslof the line in the right panel. The
example also shows the possibility of the timeeseto be correct by the trend effects, as
shown in the last panel by a serigs— T;. According to Verbesselt et al. (2010), this
procedure can eliminate errors provided by satebiénsors (e. g., calibration problems),
which can affect a long-term time series. Howevtbe trend component is important to
characterize change phenomena. Although other adstlare being used in time series
decomposition and analysis, e.g. multivariate limegresseion analysis (Rieser et al., 2010),
BFAST was chosen as it is a method which simultaskcaccounts for variation at seasonal
scale, while detecting changes in long term trefgisidual interannual and abrubpt
intraannual changes) that can be masked by seasamability. It also has fast and requires
minimum amount of processing time and does notireqiefinition of thresholds (Williams,
2013; Watts and Laffan, 2014). The entire BFASJoathm is implemented in R language
through the packaddast (R Development Core Team, 2016).
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2.3 Data integration andimage quality

Data integration (or data fusion) is the name giteethe process of adding
different information layers extracted from diffatesources, spatial or not, in order to
synthesize them and to extract new and significdotmation (Wiemann and Bernard, 2015;
Tolpekin and Stein, 2013).

According to Tolpekin and Stein (2013), there ave flata categories that
can present properties of interest: (1) primaryeokables from remote sensing, e. g.,
reflectance, radiance; (2) external variables thiitence remote sensing observables, e.g.,
atmosphere parameters and data acquisition gegngdjrgurface properties that influence
remote sensing observables, but they are not dubfemterest for a specific study; (4)
surface properties, but subject of interest fopactic study; and (5) variables undetectable
from remote sensing, but important for the subject.

Wiemann and Bernard (2015) synthesized a plethiocardexts which data
integration are used, being based on applicateld,fautomation level, operation frequency,
data schema, used models, and spatiotemporal atiant Figure 3 summarizes these

contexts in case of spatial data are multispetstrages.

coII?tion complarison updlate enricll"lment

by application manual semi-automatic automatic
L | ]

by automation
]

( Spatial data fusion )
I

by frequency by matching level

[ | 1 [ I 1
unique  periodic real-time representation data schema ontology

by data model
[ |

field — field object — field object — object
| J

by orientation

[ | ]
horizontal vertical temporal

Figure 3. Different contexts of data integratioe.uSource: Wiemann & Bernard (2015).

From the perspective of this research, spatiah aatconsidered as the

information obtained by multispectral images, whislas used according to a temporal
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orientation, in regular periodic times. As non-sgatlata, here the environmental variables
collected are classified according to Tolpekin &bein (2013) as information unregistered by
the remote sensor, but it is important for the gtud

Multispectral Landsat imagery has been providingsMa select a suitable
image for scientific analysis. Firstly, USGS praasdcollection 1 tier 1 Landsat imagery,
whose per-pixel quality data and per-pixel cloud sksa radiometric and geometric
calibration, and metadata are improved (Dwyer, 2018econdly, a general quality score for
an entire scene is given in its respective metdaiataince 2018, instead of a quality indicator
for each one of the available bands of the imadge@B, 2018a). It is important to emphasize
that this score refers to quality as the quantitipaxl scans or dropped frames encountered in
the entire scene and it is given by a integer ranfiom 0 (high number of problems) to 9 (no
problems) (USGS, 2018b; 2019a, 2019b).

USGS also provides a Quality Assessment (QA) bamlich is one
possibility to evaluate the suitability of an imaige analysis based on pixel information. This
band contains for each pixel a decimal value tlegrasents bit-packed combinations of
surface, atmosphere and sensor conditions, whichaltar the usefulness of a pixel (USGS,
2019a). Here, quality refers to a combination afeala, and not dropped or bad frames as
previously. The QA band is the result of a procechaised on the Fmask algorithm (Zhu and
Woodcock, 2014), which was originally designed tovde cloud, cloud shadow and snow
occurrence information for Landsat 4 and 7. Therdtlgm was later improved for Landsat 8
and Sentinel 2, with inclusion of the cirrus bamdich provides cirrus cloud occurrences
(Zhu et al., 2015).
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3 MATERIALS AND METHODS

3.1 Study areaand dataset:

The Salto Grande reserv, with a lengthof 17 km and a perimeter of ¢
km, isformed by the damming of the Atibaia River, whea fkmericaia hydroelectric plant,
which began it©peration in 194, was installed. It§looded area varies between 10.55 |
and 13.25 km2Honseca, 2014 with a mean depth of 8 m and mean time of retentionOc
days. The Americana hydroelect plant has a capacity ajeneratin 30 MW, but its
operating system has been hampered by the higheotratons of macrophytes, whi
reached critical values in the last dec The reservoir is locatad three municipalities in th
metropolitan region of Campinas (Americana, Pda andNova Odessa), Sao Paulo, Br

(Figure 9, in an area characterized by high rates of udaditin and industrializatio

) Metropalitan region of Campinas
47°30.000'W U POt

(a) Brazil (b) $3a Paulo State  Americana._ 5
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Figure 4.Salto Grande (a) locaticin Brazil, (b) location inhe Sdo Pau State, (c) location
in metropolitan region of Campini (d) the reservoir (in black) in a near infrared ctped
band of a Landsat image, delineatioin orangg¢ of the municipalities of American
Paulinia and Nova Odessand (e) aeriiimage of Salto Grande resen showing part of the

water body with high infestation by aquatic macryigk.

Fonseca (2013) reped that the reservoir formatioraccelerated the

accommodatiof summer farms and subdivisionsits surroundingsintensified in the 197
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and 1980 decades, with rapid urbanization and @adipul leisure needs. The forward intense
anthropic occupation around the reservoir triggeheddegradation of the landscape and the
decrease of water quality, mainly due to the ingeeim sugarcane plantations, pasture and
domestic pollutant load from nearby cities (CPFRQO2). A land use and land cover mapping

of Salto Grande reservoir was made by Fonseca [28ia@ illustrates the current scenario,

resulting from this anthropic intervention (Figuie
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Adapted from: FONSECA, M. F. (2012)
Using: SAD 1969 - Zone 238

Figure 5. Land use and land cover map from Sal@an@e region. Source: Adapted from
Fonseca (2013).

The delimitation of the area of influence of thelt&aGrande reservoir
defined by Fonseca (2013) for the mapping of lasd and cover shown in Figure 5 was
adopted in this research to create the mask thaesents the region surrounding the
reservoir.

3.1.1 Landsat multispectral images

Computational routines were developed in Pythomgm@amming languages
(Van Rossum, 1995) and software environmenfR Development Team, 2016). For both,
existing packages were used for programming, whosgines handled mainly (I) the
multispectral images taken by the TM, ETM+ and Gidnsors for the first and third
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experiments, and (Il) climatic data, as well as thaltispectral images for the second
experiment. The surface reflectance images werenlbaded from theLSDS Science
Research and Development site https://espa.cr.usgs.gov/, of United States Geology Survey
(USGS) using the reference period of 1984 (earéieatlable)to 2017.

Landsat imageries made available by USGS, since6,2@te being
reorganized into a data collection structure ahacated into tiers 1, 2 and real-time. These
classifications were adopted with the intentionogjanizing the extensive image collection
available from sensors on board the Landsat datgllaccording to their obtaining method
and quality standards, in order to facilitate tloerect staking of images and time series
analysis.

Tier 1 images have a quality level of geometry aadiometry that
contemplate radiometrically calibrated and orthtfied scenes using control points and
digital elevation models for topographic variationrrection. Images that unfulfill these
requirements are classified into Tier 2, whichtheeones that did not obtain acceptable cloud
cover and/or sufficient control points for theigigration, among other reasons. Real-time
images are the ones that are available immediatety download using predictive
ephemerides. When they are processed with dengphemerides, they are classified into
Tier 1 or Tier 2.

Surface reflectance images, derived from imagédenfl, are characterized
by USGS as higher quality level products and amglavie for users after processing using
specialized apps, which differentiate themselvetheyr original satellites. For Landsat 5 and
7, images are processed by the Landsat Ecosyststuriiance Adaptive Processing System
software (LEDAPS), created by the NASA Making Eaftystem Data Records for Use in
Research Environments (MEaSURESs), and subsidizedsbgdard Space Flight Center
(GSFC), and University of Maryland. For Landsatijs used the Landsat 8 Surface
Reflectance Code (LaSRC), documented by Vermotd. §2016). The difference between
the two algorithms is reported in the user guidamfrUSGS for the surface reflectance
products. The radiative models used by each saftaes as follows: while LEDAPS uses an
adapted version of 6S model, in which the atmospiedivided in layers and the radiative
transfer is numerically calculated for each lay€otChenova et al., 2006), LaSRC uses an
unique intern algorithm which benefits from thermar spectral bands of OLI sensor and its
aerosol band (Vermote et al., 2016). Because ofjtiadity of Tier 1 images, it was requested

for this research, from the study period of 1982Q47:
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- Multispectral Tier 1 images taken by TM sensathgrow 219/76, from
29/06/1984 to 28/09/2011, corrected for surfackectdnce by USGS. The available images
are from bands 1, 2, 3, 4, 5 and 7, with spatiabltgion of 30 m, spectral configuration
between 450nm and 2350nm, and temporal resolutiadt6adays. Finally, the radiometric
resolution is 8 bits for the sensor.

- Multispectral Tier 1 images taken by ETM+, pati/r 219/76, from
02/08/1999 to 03/08/2017, corrected for surfackeceince by USGS. The available images
are from bands 1, 2, 3, 4, 5 and 7, with spatisbltgion of 30m, temporal resolution of 16
days and radiometric resolution of 8 bits.

- Multispectral Tier 1 images taken from OLI sensadso path/row 219/76,
from 26/04/2013 to 11/08/2017, corrected for swefeeflectance from USGS. The available
images correspond to bands 1 to 7, with ground Baghmlistance of 30m, spectral
configuration of 433 to 2290nm, radiometric resoatamplified to 12 bits, thus getting less
variation signals registration. Temporal resolutisralso 16 days. The characteristics of the

bands of each sensor are summarized in Table 1.

Table 1. Spectral configuration of TM, ETM and ddnsors, on board of Landsat 5, 7 and 8

satellites, respectively.

Bands Landsat5 - TM Landsat 7 — ETM+ Landsat 84+ O
Spectral Interval (um)
1 Blue 0.45-0.52 Blue 0.45-0.52 Ultra | 0.435-0.451
Blue
2 Green 0.52-0.60 Green 0.52-0/60 Blue 0.46312
3 Red 0.63-0.69 Red 0.63-0.69 Green 0.533900.5
4 NIR 0.76 - 0.900 NIR 0.77-0.90 Red 0.636 — 0.673
5 SWIR1 1.55-1.79 SWIR1 155-1.75 NIR 0.851879
6 SWIR1 1.566 — 1.651
7 SWIR2 2.08-2.35 SWIR2 2.08-2.35 SWIR2 2.1@7294

Source: Adapted from USGS.

The products contain metadata file about the imagésy describe the
characteristics such as scene identifier, satetlitd captured the image, sensor, path/row,
acquisition date, etc. Figure 6 shows a piece“ofral” archive referring to the band 1 from a
TM/Landsat 5, from 28/09/2011.
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<short name>LT05SR</short name>

<long name>band 1 surface reflectance</long name>

<file name>LT05 L1TP 219076 20110928 20161005 01 T1 sr bandl.tif</file name>
<pixel size x="30" y="30" units="meters"/>

<resample method>none</resample method>

<data_units>reflectance</data units>

<valid range min="-2000.000000" max="16000.000000"/>

<app version>LEDAPS_3.2.1</app version>

<production date>2017-10-07T21:10:00Z</production date>

Figure 6. Piece of metadata from a surface refheetamage, band 1, TM/Landsat 5, from
28/09/2011. Information given is the pixel size dmel valid values interval.

Download of candidate scenes to compose the timessstudy was done
through thesite https://espa.cr.usgs.gov/. By using a text archive where the name of each
image (for the USGS convention of metadata seer&iguis written, it was possible to send a
requisition to the site through a Bulk Order. Thetian enables the processing (e.g.,
transformation to surface reflectance images) awhtbad of many images at once.

Together with the text file, it is necessary toeselthe products of interest.
For this research we required the surface refleetamages in GeoTIFF format, as well as the
metadata for original and transformed images. firsh screening for the Tier 1 selection,
only the ones classified by USGS as “level 1 pienignd terrain” (L1LTP) were selected, as
they have the best quality for time series analy#is mentioned before, they are
radiometrically calibrated and orthorectified uscantrol points and digital elevation models
for corrections of relief.

Although the image ordering can be done in bullddwnload them, it was
necessary to use the Python algorithm named ESRkeBDownload Master, also created
and made available by USGS Inttps://github.com/USGS EROSespa-bulk-downloader. It
was downloaded 315 TM/Landsat 5 images (29/06/1888/09/2011), 294 ETM+/Landsat
7 images (02/08/1999 to 03/08/2017) and 88 OLl/lsahd8 images (26/04/2013 to
15/11/2017), totalizing 697 Tier 1 “L1TP” surfaceflectance images. In volume, these
images corresponded to 560GB for TM images, 608@BETM+ images and 277GB for

OLI images.

3.1.2 Climatic variables

According to Lacoul and Freedman (2014), the diatron and abundance
of macrophytes are influenced by variations of emmental factors, including flow velocity,

irradiance, salinity, ice cover, temperature, mutts and pollutants. Based on the region
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study, data available and also the work of Bergteal. (2018), variables of interest were
obtained from the National Oceanic and Atmosphadministration/Earth System Research
Laboratory (NOAA/ESRL).

NOAA/ESRL data are obtained by gridded reanalysis data, wisch
methodology from National Centre for EnvironmenRiediction (NCEP) that integrates
various sources of data (aircraft, satellite, labdervations, for example) into a single model
through time. The model generation is automated sanctly monitored, with results being
displayed after data gathering and collating at 12/52.5 degrees resolution for several
variables (Kalnay et al., 1996; Wilberforce, 200&¢cording to Kalnay et al. (1996), gridded
fields are classified in four subjective classepetheling on the relative influence of the
observational data and the model used: A, B, C BndA” indicates that the analysis is
influenced almost exclusively by observational ddiaing the most reliable class; “B”
indicates that exist observational data in the @sec although results from analysis are
included in the model; “C” includes no observatiodata, thus being derived solely from
field models forced by data assimilation to remeose to the atmosphere and “D” are from
fixed climatological values and is independent lné imodel. In this study we used only
climatic variables which include observational dafeom classes A and B. Table 2
summarizes the characteristics of the climaticaldes considered in this study.

Table 2. Variables obtained from NOAA/ESRL websital its characteristics.

Climatic Description Unit Reliability
variable class

Air Temperature of the air measured in a height of 1.&elsius
Temperature meter above terrestrial surface. (°C) A

Total water vapour in atmosphere contained in a

Precipitable unitary section column between any two levels of Kg/m®

Water surface, usually the top of atmosphere and B
terrestrial surface. It is the estimate of potdmaa
in determined region.

The horizontal air movement relative to the
terrestrial surface generated by atmospheric

Meridional  pressure gradients. Components of wind are m/s
and Zonal direction, speed and force it exerts in determined A
Winds object:

- Meridional wind (v): positive values indicate
winds coming from South;

- Zonal wind (u): positive values indicate winds
coming from West.
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3.2 Methodology

This section shows how the time series were cred&dlassumed that the
time series need to be equally spaced in relabahe observation collected time. However,
since L1TP images can present cloud, not all imagessuitable for analysis, then the time
series obtained can lkegular. The problem, then, consists in selectmgges in order to
compose a regular sequence through time, from 1924017. The solution proposed was to
select four images per year, so that each imagesepts one quarter of the year: the first one
corresponds to information of January to March,sbeond from April to June, the third from
July to September and the last from October to Dées. Yet, not all quarters were possible
to be fulfilled due to the lack of image withoubuls in some periods, so some kind of
interpolation was necessary, which will be discdssethe next section. Time series were
created and different aspects of the phenomenomigii macrophyte infestation were
analyzed in three experiments, based on the timesssonstructed from the images:

Experiment | — Pixel QA assessment is used to oisiee quality of the
portion of each temporal Landsat scene that include study area.

Experiment Il — NDVI/Landsat time series are used ifivestigate
macrophyte dynamics throughout the reservoir angdpecific sectors of the water body,
defined based on the abundance and temporal gersgsof their occurrence.

Experiment Ill — Time series of spectral indicesrasted from images and
climatic variables to analyze the influence of exé factors on the dynamics of macrophytes

in the reservoir.

3.2.1 Image pre-processing and selection of sceffiestime series

Image pre-processing was done using the Geosplath Abstraction
Library (GDAL) package. Each surface reflectance image (1-5, TNbre ETM+, 1-7 for
OLI) was pre-processed according to the flowchhaws in Figure 7. This was the initial

steps carried for all experiments.
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] Surface Reflectance Images
Images Download ©
- TM/ETM+/OLI
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’ Study area extraction |

l

Image Reprojection
UTM 23N to UTM 23S

I

| F Mask Algorithm ‘

Cloud Mask Image Exclusion

Surface Reflectance Images
/ TM/ETM+/OLI Reduced Collection /
1
| Image selection for time series regularization ]

l

‘ Reservoir Mask Application ‘

|

/Reser\'oir Surface Reflectance Images TM/ETM+/OLI /

Reduced Collection I1

Figure 7. Methodological framework of general image-processing and selection of scenes
for time seriesteps.

The downloaded images from 1984 to 2017 were pirstessed by clipping
the area of interest (the reservoir) and re-prepedio the Southern Hemisphere, UTM
projection system, as indicated in Figure 7. Claoder was evaluated using the F-Mask
algorithm (Zhu and Woodcock, 2012; Zhu et al., 20ifGplemented in Python language, and
scenes with of more than 20% cloud cover were repsgince it is considered a higher

percentage (Li et al., 2018).

3.2.1.1 F-Mask algorithm application

The F-Mask algorithm was first published in Zhu &ddodcock (2012) and
received improvements in Zhu et al. (2015). Theatlgm is composed by a two-pass method
for detecting clouds followed by an object-oriente@thod for detecting clouds shadows
projected onto water and land surfaces (Lebret@h €2016).

By using NDVI and the top of atmosphere reflectaochlIR band, F-mask
firstly divide all pixels into land and water piselAlso, the algorithm assumes that the

temperature from all clear-sky pixels in an imageapproximately the same by using its
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brightness temperature to calculate cloud tempexgitobability. To define what clear-sky
pixel is, the algorithm uses the first pass, whsch set of spectral tests that, if successfudl, th
pixel is considered as a clear-sky one. The seq@asd calculates normalized temperature
probability, spectral variability and brightenessolabilities using thresholds generated
automatically. For example, temperature probabilsgs the 17.5 and 82.5 percentiles of a
sky-clear pixel's bright temperature. Then, a clpuobability mask is obtained and combined
with the first pass clear-sky mask, and, from aadyit threshold, cloud cover can be
identified from cloud probability of all clear-skyixels (Lebreton et al., 2016; Qiu et al.,
2017).
Table 3 compares the number and volume of the quistction of images

and the new collection, now with only the areantérest and images with 20% or less cloud

information.

Table 3. Comparison of number of scenes and volofrimage collection before and after

using the F-mask algorithm.

Before processing After processing
Satellite Number of scenes Volume, Number of scenes Volume
(GB) (GB)
TM/Landsat 5 315 560 183 2,92
ETM+/Landsat 7 294 608 178 3,16
OLl/Landsat 8 90 279 41 1,37

After applying the F-mask algorithm and obtaininge tnew reduced
collection of images, we selected the ones usedntose the time series of images in a way
that a regular time series is obtained.

In order to compose a regular time series fromclbed-free scenes, four
images per year of the study period were seleciteel for each quarter of the year. After May
2003, Landsat 5 TM images were selected over Lantd€arM+, due to the failure of the
ETM+ Scan Line Corrector (SLC), but it was necegsaruse some scenes obtained by the
latter sensor, corrected for the SLC-Off. Whenawerinformation was provided for pixels
due to SLC-Off problem, estimation was obtainedngise Kalman filter smoothing
(Commandeur; Koopman, 2007) with values of the iptessrand next dates to interpolate the

missing surface reflectance values.
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3.2.1.2 Kalman filter application

The Kalman filter has the purpose of obtaining ojli values of a state at
time pointt only considering observatiod¥ (t): y,,v,, ..., V:—1}. A Kalman filtered state in

timet, a;, is given by the recursive scheme (considerirgcallmodel for simplicity):

Arpr = a¢ + K (¥ — ag) (7)

with K; being the Kalman gain, which determines how miehprediction error at timeis
allowed to influence the estimate of the statena¢t + 1: the larger the value, the larger the
impact on the next filtered stage (Commandeur aadpian, 2007). Considering a Kalman
filter process at a timg the current value of the filtered level basedatirpast observations
beforet is a;4q, then, if y, is missing in the time serieg,,; contains all that could be
learned from the pasy,, y,, ..., ¥+_1} values, the best input for the filter will log,, = a; .
However, if y, is known, then the value can be fed into the Kalnfiter to reduce
discrepancies, i. ey; — a;. Once the Kalman filter has been applied to theestime series,
inputing data for missing values @t are calculated byy; = a; (Durbin and Koopman,
2012).

To illustrate this process, Figure 8 shows a randiome series with 100
points, where positions 33, 55 and 56 are missing,thus Kalman filter was applied in those

spots.

Example of missing values being completed by Kalman filter

-1 @ - (b)

Value
0 1
1 1
Value
0 1
1 1

T T T T T T T T T T T T
0 20 40 60 80 100 0 20 40 60 80 100

Time Time
== Positions where Kalman filter is applied

Figure 8. (a) Random time series with three gagpentified by red bars. (b) Filled values in

the time series by applying Kalman filter.
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Table 4 presents a summary of the types of images for each three-

month period of the time series, wherein the enfyotyes indicate the absence of a cloud-free

image. For the time series regularization, datenftibe missing dates (empty boxes) were also

estimated using the Kalman filter smoothing (Comdeam; Koopman, 2007) with values of

the previous and next dates to interpolate theingssurface reflectance values.

Table 4. Landsat satellite sensors (TM (light gré&yyM+ (dark grey) and OLI (grey)) that

collected each quarterly image. Q-1, Q-2, Q-3 and @present each quarter of the year,

where the empty boxes indicate no cloud-free image.

Q-4

Q3 ™

Q2 ™

Q-1

1984
1985
1986
1987
1988
1989
1990
1991

™ ™ ™ ™ ™ ™ ™ ™ ™

™

™

™

™

™

™

™

™

™

™

ET ET
™ ™ ™ ™ ™ ™ ™
M M

™ ™

™ ™ ™ ™ ™ ™ ™ ™ ™ ™ ™ ™ T ™M TM

ET

™ ™ ™ M ™ M TM TM TM TM ™ ™ TM
M
ET ET
™ ™ ™ ™ ™ ™ T™ ™ ™ ™ ™ T™
M M
N O I 1 O I~ 0 OO © o N o < 1 ©
DO O O OO O O O O O O O
D OO O O O O O O O O O O O O O
A H A H NN NN N NN

3.2.1.3 Reservoir mask application
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A vector file of the contour of the reservoir, dbed through a RapidEye

image from 03/08/2012, was used to create a maskeoivater body, which was applied to

each image of the time series. The option of RayedEhages for mask creating is based on

their spatial resolution, which facilitates the tmur drawing. Figure 9 illustrates the entire

scene (a), results from the initial clip (b), aleclion of clipped images (c) and the contour

mask application, generating the analyzed imagledarNDVI time series (d).
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Figure 9. Delimitation of the study area from treghgrow 219/76 Landsat scene; (a) Surface

reflectance SWIR1 spectral band of the Landsat 8 (i) image resulting from the initial
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image clipping; (c) clipped image representingatéht dates by Landsat color composite; (d)

cropped image of the reservoir only area.

3.2.2 Experiment 1: assessing the quality of imagestime series

The Pixel QA (Quality Assessment) Landsat prodsctlso one of the
possible downloadable bands from USGS Earth Explevhich is a mask with each pixel
containing a value originated by bits, which gitbe type of possible obstruction present
there: cloud, cloud shadow, snow, water or if itlsar. The value ranges are based on the
radiometric resolution characteristics of the dig¢elsensors. While for Landsat 5-7 is
expressed in 8 bits, Landsat 8 are in 12 bits &Guaded to 16), providing sixteen times the
radiometric resolution of previous Landsat imagéfsing et al., 2015, Li et al., 2018, Wulder
et al., 2019). All QA information, however, appliEsan entire Landsat image. A Landsat 8
image, for example, has a spatial resolution of 30mmultispectral bands and has a scene
size of 170 km x 185 km (USGS, 2017). From thisspective, based on cloud, shadow or
another obstructions presence, an overall quatibyesfor the entire image may not reflect the
quality for a particular small area. For examplaster of obstructions still yields good parts
of an image, while a scattering of obstructions hhighnake the image worthless (USGS,
2018b).

This experiment was proposed to explore the pakmi Landsat QA
image-attributes obtained comparing results froiremmages (as in Figure 8(a)) with results
from the clipped images (as in Figure 8(c)). Fumi@re, the assessment of quality discussed
until now refers to a specific image and not forltiple images, thus, the idea was also to
assess the quality in small area and for multiplages, in which information can be
translated into a time series. The methodologicainéwork of Experiment 1 is shown in

Figure 10.
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Figure 8. Methodological framework for Experiment 1

3.2.2.1 Metadata usage

For this study, the QA-band information and intetption using USGS’
bits convention, which is different for Landsat &7d 8, were used. Bits are set to 1 to denote
surface state, cloud information or fill value atiek position of the bit gives the proper
interpretation, as given in Table 5 for both Lands& and 8 quantizations (Dwyer et al.,
2018).

Table 5. Bit interpretation for Landsat 5-7 andB®@A.

Bit Bit Value Cumulative Sun Interpretation Interpretation (L8)
(L5/L7)

0 1 1 Fill

1 2 3 Clear

2 4 7 Water

3 8 15 Cloud shadow

4 16 31 Snow

5 32 63 Cloud

6,7 64, 128 127, 255 Cloud confidence: 00=None, 01=Low,

10=Medium, 11=High

8,9 256, 512 511, 1023 Unused Cirrus confidence
00=Not set,
01=Low,
10=Medium,
11=High

10 1024 2047 Unused Terrain Occlusion

11, 12, 13, | 2048, 4095, 8191, Unused Unused

14, 15 4096,8192, 16383, 32767,

16384, 32768 65535

Source: Adapted from USGS (2019a,c¢)
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Using a combination of the values presented in g &hlthe values for the

QA band itself are given in Table 6. As an examfie, QA for cloud shadow, with low-

confidence cloud for Landsat 5-7 is obtained sgthits 3 to 1, and bits 6 and 7 to 1 and O,

giving a value of 72.

Table 6. Pixel values for QA for Landsat 5-7 and 8.

Attribute Pixel value (Digital Pixel value (Digital
Number) (L5/L7) Number) (L8)

Fill 1 1

Clear 66, 130 322, 386, 834, 898, 1346
Water 68, 132 324, 388, 836, 900, 1348
Cloud shadow 72, 136 328, 392, 840, 904, 1350
Snowl/ice 80, 112, 144,176 336, 368, 400, 432, 848,

880, 912, 944, 1352
Cloud 96, 112, 160, 176, 224 352, 368, 416, 430, 48

864, 880, 928, 944, 992

Low confidence cloud

66, 68, 72, 80, 96, 112

322,328, 336, 352,
368, 834, 836, 840, 848,
864, 880

Medium confidence cloud

130, 132, 136, 144, 160
176

386, 388, 392, 400, 416,
432, 898, 900, 904, 928,
944

High confidence cloud

224

480, 992

Low confidence cirrus

322, 324, 328, 336, 352,
368, 386, 388, 392, 400,
416, 432, 480

High confidence cirrus

834, 836, 840, 848, 864,
880, 898, 900, 904, 912,
928, 944, 992

Terrain occlusion

1346, 1348, 1350, 1352

Source: Adapted from USGS (2019a,b)

3.2.2.2 QA time series generation

To evaluate the influence of reservoir and surraumdireas size and the

QA-bands in comparison with the full image providgdUSGS site, in addition to the first

mask produced in the pre-processing step, ano#wowrfile outlining the area surrounding

the reservoir was used to create the appropriask noaextract the area as shown in Figure
11(b). The region surrounding the reservoir bouiedawas defined by the area of direct
influence of the water body, according to Fonse2@l8) and represented previously in

Figure 5.
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In Figure 11 (a), an entire Landsat scene is shbhighlighting the region
where the reservoir is located, while in Figures(liland 11 (c) the areas of interest for the
present study are shown: the surroundings nearrdbkervoir and only the water body,

respectively.
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Figure 9. (a) Entire full TM/Landsat-5 image (NIRestral band), highlighting the reservoir

area. (b) Region surrounding the reservoir. (C)eRasr region.

For each one of these images, the mean and stadeardtion of QA
information were calculated. To fill eventual misgivalues, Kalman filtering was applied to
each time series in the missing spots to produgeladgzed quarterly 136-observation time
series Pixel QA, as in Figure 9 example. Basedhese values, a descriptive analysis was
carried, as well as the BFAST decomposition oféhs=ries. Finally, assessing the variability
by inspecting the remainder component of BFAST demmsition of the entire images, masks
from Figures 11(a) and 11(b), some characteristiese found. The use of the remainder
component was based on Verbesselt et al. (201@grlymg trend, when removed, improve
the quality assessment as sensor drifts and ctdibraroblems will not impact the signal

received.

3.2.3 Experiment 2: trends and temporal changes bad on NDVI time series

Considering the importance of evaluating the dymanuf occurrence of
macrophytes in intensely anthropized small resesyoand seizing the availability of
historical series of orbital multispectral imagélsis experiment proposes to explore the
potential of Landsat image-attributes’ time seti@snonitor the spatiotemporal behavior of
aquatic macrophytes. Principal components analf3A) and time series decomposition

tools were exploited with the assumption that tleenlsination of those techniques for
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analyzing large multi-temporal collection of imagemables the analysis of trends and
changes in the macrophytes occurrence in smaliv@ise Since NDVI is strongly correlated
with biophysical vegetation parameters, it was ussda proxy to indicate periods of
flowering or vegetation decline (de Jong et al120

The methodological framework of Experiment 2 iswhoin Figure 12,
where the Reservoir Surface Reflectance Images deedGollection Il is resulted from the

general pre-processing step discussed previously.
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Figure 10. Methodological framework of Experiment 2

3.2.3.1 Spatiotemporal analysis of NDVI

To produce a single image in which the occurrerfcenacrophytes in the
Salto Grande reservoir is highlighted we used th#vNspectral index, which has been
applied in several local to global studies to dieéec monitor changes in vegetation (see, e.g.,
Eckert et al., 2015). For long-term time seriegjqus indicated by growth and decrease of
macrophytes are defined by the direction of thedgah change (regression slope) and are
characterized as greening and browning, respegtiidelcquin et al., 2010; de Jong et al.,
2013).

Each pixel of an NDVI image is characterized byptsition (X, y) in the
scene and an attribute representing the calcuMi®d| values for that position. To describe
the behavior of the NDVI and hence the occurrerigaacrophytes in Salto Grande reservoir,

temporal vectors are generated by extracting tkel pittributes at the same position along all
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images in time. In order to analyze the generatigiganporal dispersion of this variable,
choropletic maps representing the mean and variahS®VI were plotted. However, it was
necessary to develop a procedure to define speitifis to monitor the macrophytes temporal
behavior. A transformation into principal componemalysis (PCA) using the correlation
matrix and the first principal component (PC1) veasployed in the spectral decomposition
of the multi-spectral and multi-temporal remote sSeg images and reservoir sectors with
similar temporal variability were defined using@amsupervised classification by the K-Means

algorithm.

3.2.3.2 Principal Component Analysis

Principal component analysis is a statistical methor dimensionality
reduction which transforms a set pfvariables into a subset gf (1 < q < p) principal
components, with the first one explaining the latgeortion of the variance in the original
data, as well as they are being uncorrelated vatth @ther (Johnson, Wichern, 2007; Kramer
et al., 2019). Although PCA is usually performed multivariate data through a matrix
construction in which rows are the sample units esldmns are the variables, it can be also
used for single variables to identify dominant ggdagbatterns, which is the case of T-mode
PCA, where the columns of the matrix are time mo(@&allacher et al., 2016).

The basic building block of PCA is a matrix whiabntains the relationship
among the variables (or time points) such as veeamvariance or correlation matrices.
Given a square symmetric non-singular ma@Qixthe PCA transformation is built from the
fact thatQ is transformed into a diagonal matrx by pre- and pos-multiplying it by an
orthonormal matrix of eigenvectoks i.e.,E'QE = A.

The columns ofE are the eigenvectors, which are the coefficieht t
transforms the original variables into new compasan the manner of a weighted linear
combination and the elements dfare the eigenvalues, which determine the explapato
power of each of the components. The correlatiotwéen the original variables and a
component is named loadings and the transformadevad any sample is named component
score (Machado-Machado et al., 2011). In the cds&-mode, the results obtained by
loadings are time series for each component thatsents the correlation between each
image and the component being diagrammed, with esgfance explained by each
component being the degree of significance of egatial mode in the temporal domain.

Finally, scores yielded by each principal compor{®@) shows the spatial patterns which are
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strong or weak according to correlation given by libading time series (Eastman and Fulk,
2003; Salles et al., 2001).

More recently, for example, Neeti and Eastman (2Qdrésented a PCA
approach that compares spatial and temporal pateenong time series of multiple images.
Adami et al. (2018) used PCA analysis in vegetafiaction images obtained by linear
spectral mixture models in order to create a PCgellacolor composite, and describe
temporal seasonal changes in land cover and vegetdistribution. In this experiment, PCA
is used to identify and to map the regions of @amiemporal correlation in order to perform
spatiotemporal analysis in the pixels aggregateth@se regions, rather than single pixels.
Considering the space-temporal dynamics of theroenoe of macrophytes in the reservoir, it
was assumed that PC1 scores represent adequagelyatiability in the persistence and
abundance of these plants in the water body.

Although PCA has been widely used in remote sensiolfife and Cadima
(2016) pointed out an increased interest in PCAteel methods as a way to handle large data
sets, including image processing and machine legriin this experiment, PCA was applied
as T-mode (Neeti and Eastman, 2014) to define sulmdepixels that have similar spatial
variability over time, since the focus of this modeto identify dominant recurring spatial
patterns over time. Note that PCA was applied byswtering each time series image as
variable and its pixel attribute (NDVI) as obsergat The loadings of the PC1 defined a
temporal profile, whose outliers represent moment$e time when an unusual behavior of

the variable or a problem in the image occurred.

3.2.3.3 K-Means Clustering Algorithm

K-means clustering is an unsupervised machine ilegupartitioning-based
grouping technique, which is based on the iteratelecation of data points among clusters
whose goal is to produce groups of cases or vasablth a high degree of similarity within
each group and a low degree of similiratity betwéle® groups (Morissette and Chatrtier,
2013). The algorithm defines a prototype in terring oentroid, usually the mean of objects in
continuousn-dimensional space (Tan et al., 2019).

The basic algorithm starts by a user-specified rpatar k, which is the
initial number of centroids, i.e., the number afsters of interest. There are also techniques in
choosing a propet value, as can be seen in Pham et al. (2004)xomple. Then, each point

is assigned to the closest centroid and each tiolteof points that is close to the centroid
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defines a new cluster, which is updated based enpthnts assigned to this cluster. The
process is repeated until no point changes clystexs until the centroids remain the same.
Mathematically, to partitiom objectsx;,i € {1, 2, ...,n} into k clusters in

which each object belongs to a cluster with thes&sv mean and considering, j €

{1,2,...,k} is the centroid for cluster, the objective is to minimize the total within star

variance by the squared error function

n

k
S50 -

j=1i=1

in which ||xi(j) — ”2 is the distance function. The Euclidean distarsceisually used to
assign data points to the closest centroid (Tah €2019).

The scores of the PC1 are submitted to a classditdy the K-means
algorithm, allowing for clustering pixels that pees similar scores and define the regions of
the reservoir for the spatio-temporal analysis. Each cluster, the mean NDVI of the

included pixels was calculated and the mean NDY&tseries constructed.

3.2.3.4 Time series analysis using BFAST

Due to its definition as a temporal vector, the N@¥n be analyzed as a
time series, in whicl’ = {t:t; <t <t,} ={1984,...,2017} is the set of values of the
variable analyzed in time and {Y (&1} is the value assumed by the variable NDVI in a
specific time. The BFAST algorithm allows capturilgradual and abrupt changes
(breakpoints in the time series) in long-term ser®y decomposing the series in three
components: trend, seasonality and remainder. Afhcseveral other approaches have been
proposed to study satellite images, for example, dpplying wavelet decomposition
(Martinez and Gilabert, 2009) or only PCA (Rieseale 2010), these methods involve some
type of transformation to isolate dominant aspewsith the challenge of labeling and
identifying the change components. (Verbessell.e810). BFAST algorithm was chosen
for this study because it was primarily developad tested by simulating NDVI time series
with varying quantities of seasonality and noisesaddition to different abrupt changes.
The component of seasonality is defined as a seguehharmonic terms, while continuous

trend behavior is evaluated and straight segmemsadjusted piecewise. Thus, trend is



45

composed of segments representing gradual chasgparated from each other by abrupt
changes (Jamali et al., 2015). This piecewise nmuglebf the trend is often used to
approximate complex phenomena and extract basacoti@racteristics (Zeileis et al., 2003).

In time series of variables extracted from satelimmages, BFAST has
mainly been used in studies on vegetation covengd®m Darmawan and Sofan (2012)
applied the algorithm to detect changes in tropieahforest, where they compared the
performance of two vegetation indices, NDVI and &med Vegetation Index (EVI). Watts
and Laffan (2014) used BFAST approach to detecetaign response in semi-arid regions of
Australia by studying long term trends and magratudTian et al. (2015) evaluated the
temporal consistency of multi-sensor NDVI time esriusing BFAST by analyzing the
occurrence between breaks in time series and sehty. Permatasari et al. (2016) applied it
in agricultural land use changes in Indonesia u&kg and K-means clustering patterns to
detect temporal and spatial patterns.

The analysis of trend and seasonality in this erpat, as well as breaks in
the time series, considered regions of homogentmagoral variability, spatially aggregated
by means of a K-means algorithm. All of those stdpssides the map creations, were
implemented in software for statistical computifiy Pevelopment Core Team, 2016) using
Rgdal, raster, bfast andpsych packages.

3.2.4 Experiment 3: influence of exogenous varialdeon the spatiotemporal behavior of

macrophytes

Aside from anthropogenic action, when aquatic vegmt iS grown in
reservoirs, environmental factors can interferehiea macrophytes growth behavior as well.
As pointed by Lacoul and Freedman (2006) and Magetd. (2004), many studies confirmed
the influence of interacting environmental factonsthe distribution of aquatic plants in lentic
and lotic waters: exogenous environmental varialolesacrophytes context were explored by
Jacquin et al. (2010), Fusilli et al. (2013) andkétt et al. (2015). Then, it is essential to
monitor the distribution and variations of aquatn@acrophytes (Luo et al., 2016) and to
understand and quantify the environmental factbet influence their distribution patterns
(Dar, Pandit and Ganai, 2014). In contrast, asrteddy Zhang et al. (2016), small reservoirs
still receive little attention, while large onesaegularly monitored. Moreover, Chandler et
al. (2018) emphasized that remote sensing is mastyg for monitoring lakes macrophytes’

conditions, with rivers receiving almost no resdaatention.
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Thus, since on one hand the importance of evalyatwe macrophytes
distribution is considered, while on the other hdhere is a lack of information in small
reservoirs located in anthrophized areas, this raxjeat proposes to extend Experiment 2
with the addition of exogenous climatic variabléss hypothesized in this experiment that
the dispersion of macrophytes banks is influengedlimatic conditions such as temperature,
precipitation, wind direction, beyond the surrourgdiand use, and proposed a methodology
to investigate similar phenomena in small reserameas.

The methodological framework of Experiment 3 iswhoin Figure 13,

where the pre-processing step is common from Exysari 2.

Pre-Processing ‘

Climate Variables

/NDV] Time Series per pixel / / NDBI Time Series per pixel/ /NOAA Monthly Time Series of /

‘ Time Series regularization |

|

|

|
|

|
|

|
|

|
|

|
|

|
|

|
|

|
|

|
|

|
|

|
|

|
|
| |
NDVI, NDBI Quarterly NDVI, NDBI and NOAA |
; | NDVI T-mode PCA Analysis time series per pixel and Correlation Analysis and i
: NOAA Quarterly time series BFAST Correlation Analysis i
|

|
|

|
|

|
|

|
|

|
|

|
|

|
|

|
|

|
|

|
|

|
|

|
|

|
|

|
|

|
|

|
|

|

/ PCA derived images /

I

K-means spatial pattern 7
clustering 4’/ NDVI Time Series per cluster/

Correlation Analysis,
BFAST Decomposition Correlation Analysis and
Causation Analysis

Figure 11. Methodological framework of Experiment 3

3.2.4.1 Exogenous climatic variables

To evaluate the influence of exogenous variablesthen dispersion of
temporal changes in the macrophyte occurrence eénréservoir, a time series analysis
approach based on attributes extracted from Lanasatjes and climatic variables was
designed to investigate two scenarios. Initiallye influence of anthropogenic occupation

around the reservoir was considered, comparing NBd/I and the NDBI time series,
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associated with the degree of imperviousness. Tflaence of weather conditions was
evaluated in a scenario in which the NDVI time egifrom the reservoir was compared with
the climatic oscillation time profiles derived frothe NOAA historical records of the main

climatic variables.

3.2.4.2 Defining horizontal sectorsin the reservoir

To evaluate the influence of anthropogenic occopain the surroundings
of the reservoir on the macrophyte dispersion i water body and the effect of climatic
variables on the behavior of these aquatic plants,masks previously created were used to
extract the appropriate areas in the images: vddes outlining the area surrounding the
water body (Figure 14(b)) defined according to Femas(2012) and shown in Figure 5, and
the reservoir itself (Figure 14(c)), based on tlapiREye image from 03/08/2012 and already
indicated in Figure 8 (d).

®) (s

7488000
|

7490000
|

7484000
|

)4k
T T T
265000 270000 275000

7485000
7480000
|

7480000

-rl & vt % ¥
LN e, Waicy A

T T
650000 265000 270000 275000 280000 285000

A

UTM 235
WGS84 (m)

475000

7482000 7484000 7486000 7488000

EE T Sk
T T I I I T
266000 268000 270000 272000 274000 276000

Figure 12. Area of interest cropped from an enfik¥/Landsat-5 scene, NIR spectral band

(a), region surrounding the water body (b), anémasr region (c).
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The purpose of the application of mask in Figurécldvas to analyze the
reservoir itself without urban influence around tieservoir (which is done with mask from
Figure 14(b)), decreasing the ambiguity of macrég@loccurrence and other vegetations like
agricultural culture near the reservoir. Using tpeocedures of Experiment 2, PC
transformation was applied in maps for mask in 14( PC1 was used to identify and map
the regions of similar temporal correlation. Therss of this first component were submitted
to a classification by the K-means algorithm, allogvthe creation of pixel clusters which
presented similar scores and, thus, the definittbnareas in the reservoir for further
spatiotemporal analysis. Twelve clusters of inte(esich will be named as “sectors”) were
selected for inspection. For each area, the meavINBlues were calculated and the mean
NDVI time series were built. NDVI for the entiresexvoir area was also calculated (referred
as global NDVI). Finally, groups of interest (namateas”) were created as “near dam”,

“reservoir body” and “near the river” sectors.

3.2.4.3 Time series analysis and Granger causalities

Time series analysis was executed in two staggdicapon of the BFAST
decomposition algorithm to the time series, antrtgsf meteorological variables helped the
forecast of NDVI by using the Granger-causality caypt.

The Granger causality technique (Granger, 1969k&d to study if a time
series of a specific variable is useful in forerasanother variable. This technique has been
used in addressing causality problems in climatstesns (Attanasio et al., 2013) Xif andY;
are time series, Granger (1969) uses the expre$sjoBranger-causes” to express the fact
that the knowledge of past valuesXyf reduces the variance of the errors in forecadtieg
values ofY, beyond the variance of the errors which would lzenfrom the knowledge of
past Y; alone (Norrulashikin et al., 2016). In mathemadticatation, two models are
considered, namely restricted (Equation 9) andsinoted (Equation 10) models, given by:

Yt = Uy + alyt_l + azyt_z + -+ ath_p + €
9)

Yl' = ﬁo + 0(1Yt_1 + azyt_z + -+ ath_p (10)
+ ,31Xt_1+. .. +ﬁpXt_p + Yt
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with a, andp, being constants termg; andp; for i = 1, ..., p the unknown parameters,
andy; white noise errors ang the maximum lag allowed for both models. To téghe

restricted estimates are statistically differenanir the unrestricted estimates, the F-test

_ (SSEy=SSEW)/p
T SSEy/(n—k)

is used, withSSE,. andSSE,, being the sum of squared errors of restricted
and unrestricted models, respectivdtythe number of coefficients in the unrestricted elod
andn is the sample size. F < Fy,,_x, Fyn—x being the tabulated value of a F-distribution
with parameterg andn — k, it is concluded that does not Granger-cauge

For this study models were investigated by addays luntil significance is

observed at 0.05 level, which are shown in equat{@d) to (14).

4 4
NDVI, = ag + Z a;NDVI,_; +z BiAir temp,_; + 1,
i=1 i=1 (11)

4 4
NDVI, = ay + z aiNDVI,_; + z BiPrecip watery_; + €;

NDVIt = Uy + a’lNDVIt_l + ﬁlMeTWint_l + rt
(13)

2 2
NDVI, = ag + Z a;NDVI,_; +z BiAir temp,_;
i=1 i=1 (14)

2 2
+ 2 yiPrecip water,_; + Z diMerwin,_; + ¢,

=1 i=1

with NDVI being global NDVI values,Air temp. the values for air temperature,
Precip water values for precipitable water amderwin the meridional wind values, all for

t =1984,...,2017, a, B,y andd the unknown parameters estimated ayg)I" and{ white

noise errors.



50

4 RESULTS AND DISCUSSION

4.1 Assessing the quality of images in time series tonayze the spatiotemporal
dynamics of aquatic macrophytes in small eutrophiceservoirs

For each mask presented in Figure 11(b) and (c)vedisas for the entire
image (Figure 13, left), the mean of all QA pixelas calculated. Table 7 contains the legend
for Tables 8(a)-(c). The numbers depicted in TaldlE-(c) represent the mean of all QA
pixels for each image (where no image was availataies were interpolated using Kalman
filter) and the colours represents the closestiplesiterpretation of that number (USGS,
2019a). As mentioned previously, due to the distquantization used by Landsat 5-7 and 8,
higher values of digital numbers are observed fandsat 8 and thus, additional

classifications were added to the Table 7.

Table 7. Classification of QA pixels values for Q& mean pixels value for studied images.
Labels refer to the reference satellite for thecdl5/7 is Landsat 5 and 7, and L8 is Landsat
8.

L5/7 | Clear or water, low-confidence cloud
L8 Clear or water; low-confidence cloud; low-confiderrrus
L5/7 | Cloud shadow; low-confidence cloud

Cloud shadow; low-confidence cloud; low-confideraeus
L5/7 | Cloud, medium-confidence cloud

Cloud, low-confidence cloud; low-confidence cirrus
L5/7 | Cloud shadow, medium-confidence cloud
L8 Cloud, medium-confidence cloud; Cirrus, low-confide cirrus
L5/7 | Cloud, high-confidence cloud
L8 Cloud, high-confidence cloud; Cirrus, low-confiderairrus

SOURCE: Adapted from USGS (2019b,c)
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Table 8. Series of (a) entire Landsat images meampiiels, (b) Reservoir plus surroundings
images mean QA pixels, and (c) Reservoir imagesir@gapixels.

a

Q1 (160 6 71 73 8 77 77 106 79 174 70 104 76 8 76 68 84 77 74 71 415 135 97 97 114 106 102 116 82 213 323 330 384 380

Q2 171 175 94 87 93 79 90 148 [ 109 101 96 | 144 71 127 (154 92 90 94 67 81 | 95 93 104 85 100 89 67 69 156 326 538
Q3 105 9% 73 79 8 69 97 73 8 140 70 128 102 150 107 88 145 | 92 71 8 88 108 66 79 66 79 66 95 100 325
Q4 123 101 101 77 | 98 87 114 171 | 90 171 107 114 8 121 105 99 128 71 75 76 | 91 78 102 107 93 90 72 145 77 412 503 = 398

64 66 66 66 66 5 66 59 66 66 66 5 66 66 66 66 66 66 67 66 66 66 66 68 66 66 66 66 66 78 322 322 322 322
Q2 66 224 66 66 66 66 68 66 70 66 66 66 66 66 66 66 66 66 67 66 66 66 66 66 66 66 66 67 66 322 322 322 322 322
Q-3 |66 66 66 66 66 66 68 66 66 171 66 66 66 66 66 66 66 66 66 66 66 66 66 66 66 67 66 8 66 322 322 322 322 322

Q-4 | 86 86 66 66 66 66 66 66 67 66 67 67 66 69 66 66 66 66 66 66 66 8 66 78 74 73 66 93 66 322 322 322 32 322

C
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When compared to Tables 8(a), 8(b) and 8(c) ibssfble to note the larger
variation in Table 8(a) than in the others, as sdvmean values showed cloud cover or
shadows. From Tables 8(b) and 8(c) it is obserhatl the mean QA values are similar for
almost the entire dataset, despite the fact thaitger portion of the study area is considered
in the second table, that is, the reservoir togethih its surroundings (Figure 14(a)). For the
most part, a clear pixel is identified with low ¢woence cloud (the probability of cloud is
low), meaning that, although the values from Ta&{® differ from the first two, the reservoir
area (and its surroundings) are not affected bytena¢ cloud or shadow problems which can
be present in the entire image.

From Table 8(a) and 8(c), eighteen values out ®fl®6 (13.23%) remained
in the “clear/water” pixel category after the imagas clipped. For example, Q1-1985 had a
value of 69 in Table 8(a) and in 8(c), the valu68s Q3-2014 is the value 325, while in Table
8(c) it is 323. Only one value (0.73%) that wasegatized “clear/water” pixel in Table 8(a)
became “cloud shadow” in Table 8(c), although vat confidence, which was in Q4-1984.
A value in Q4-2005 remained as “cloud shadow” aftex image change as well. Similar
results were obtained by comparing Table 8(a) &ft).

In most of cases, though, categories like “cloud” “oloud shadow”
appearing in Table 8(a) became “clear/water” pixalsTables 8(b) and 8(c). For “cloud
shadow” 44 values (32.35%) became “clear/waterglgixand 70 values (51.47%) went down

from a higher confidence to a low confidence fayucls or cloud shadow. Table 9 shows
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which images changed its confidence classificatipmaintained it by inspecting values of
Table 8(a) and 8(b). Inspecting Table 8(a) and g{ayluced similar results.

Table 9. QA values which changed its confidenceistar maintained it when comparing
Tables 8(a) and 8(b).

Q1
Q-2
Q-3
Q4 | *

1984
1985
1986
1987
1988
1989
1990
1991
1992
1993

<
(o]
()]
—

1995
1996
1997
1998
1999
2000
2004
2005
2006
2007
2008
2009
2010
2014
2015
2016
1017

2001
2002
2003
2011
2012
2013

From high/medium confidence to clear pixel.

Maintained its classification of clear pixel.

From low confidence to clear pixel.

*From clear to cloud shadow; *Maintained as claihdow.

When comparing to the original image time seri€sin2Zages out of 136 had
the classification of a “clear/water pixel” (14.7Dp%nd 55 had the classification of cloud
shadow with low confidence (40.44%), meaning tla18% of the entire images have a clear
condition or low probability of clouds. However| ahages selected were considered with
20% cloud cover or less with F-mask algorithm. Themnsidering the mean value of QA
pixel for the entire images need caution when asskss information from F-mask algorithm
can improve the clear percentage. Now, considdtiegclipped images for reservoir and its
surroundings, and only reservoir, both are 98.538mposed of “clear/water” or low
confidence cloud shadows, with the reservoir omigge containing more of “cloud shadow”
classification.

Figure 15 shows the time series for Mean QA pixatswell as Standard
Deviation (SD) and respectively BFAST decompostidar (a) entire Landsat image, (b)
reservoir and its surroundings, and (c) only resier\Note that the increases in values after
Q1-2013 in the original mean time series are duthéofact of changing satellites for OLI

imagery.
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(a) BFAST for QA Mean for entire Landsat images BFAST for QA Standard Deviation for entire Landsat images
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Figure 13 BFAST applied to (a) entire Landsat, (b) reseranid surroundings, (c) reservoir
time series of (I) QA mean and (Il) QA standardidggn. For each graphy; represents the
original time seriess; is the seasonality componefd, is the general trend (whepeis the

slope and p is p-value).
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After decomposing the QA mean and QA standard tiewigdime series
through BFAST in Figure 15, the number of imageseservoir plus its surroundings and
images of only reservoir which remainder componehtstandard deviation obtained by
BFAST decomposition were lower or equal than theaieder component of the entire
images was verified. Table 10 summarize the resutticated by colours: blue if the SD is

lower or equal, red if the SD is higher.

Table 10. (a) Reservoir plus its surrounding imaged (b) Reservoir images which had
lower remainder component of standard deviatiorblire), or higher (red) in comparison to
the entire image (TM — Thematic Mapper, ETM — ErdehThematic Mapper Plus, OLI —

Operation Land Imager).

a
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From Table 10(a), the standard deviation errors3%5116 images) of the
surroundings and reservoir images had a smallereval SD than the entire image. For (b),
the standard deviation errors, 81.61% (111 imagéghe reservoir images had a smaller
value of SD than the entire image. It was also oleskthat the majority of images which SD
is higher than the original image were found in §@@tiod and concentrated in the period of
2004-2011, period where ETM+ images were alreadylave.

As an example, Figure 16 shows the full image,rveseand surroundings
image, and only reservoir image for the date f@32Q4. From Tables 8(a)-(c), all had low-
confidence cloud shadow, and from Tables 10, bothregions (reservoir and surroundings,
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and only reservoir) showed more residuals than dhginal image, although the same

category of image was obtained: “cloud shadow”.

Amze,

Figure 14. Full Landsat 5 image, reservoir andaurdings image, and only reservoir image
for 20005Q4.

From Tables 10(a)-(b), the quality information difpped areas could be
improved based on low values of standard deviaimhthe changing of cloud confidence, for
example, by “flagging” which images contain whicheoof information. This showed that
using BFAST decomposition in the Pixel QA qualignil is a possibility to assess the quality
of parts of a Landsat satellite image and can ptssible be an interesting new use for the
algorithm, since it is specified by Verbesselt et(2010b) that BFAST can detect various

types of changes, but it is important to understama these changes will be detected.

4.2 Trends and temporal changes in the macrophytes abwdlance in an eutrophic

tropical reservoir by long-term Landsat time series

4.2.1 Macrophytes persistence based on NDVI spateyhporal distribution

Figures 17(a) and 17(b) show the spatial distrdyutf the mean NDVI and
the variance over time indicating the regions & thservoir with persistent and variable

occurrences of macrophytes.
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Figure 15. Spatiotemporal distribution of (a) theam NDVI and (b) corresponding variance
in the Salto Grande reservoir in the period 198472Rrea A represents the region near the

dam and Area B represents the region near the river

Three main conditions of macrophyte occurrence ha Salto Grande
reservoir can be characterized: (i) the abundandesystematic occurrence of plants (NDVI
higher than 0.4) near dam (area A) and near Pauity (area B); (ii) irregular occurrence of
macrophytes (mean NDVI close to 0.2), and (iii)setce of plants on the eastern side of the
lake in B. The highest NDVI values were observedhimreas A and B, indicating constant
and abundant presence of macrophytes over timse ¢twthe urban agglomerates (cities of
Americana and Paulinia, respectively) and are thieome of high degree of pollution
diffuse. For these same areas (A and B), Figurb)Ishows that in the places where inputs of
the tributaries occur, the NDVI variability is lowhis means that these are locations with
large occurrence of macrophytes. The largest ND#itiances are found in region B,
suggesting that there is a seasonal displacememiaofophytes, influenced by internal and
external factors to the water system. In the rexsedisat occur in the northwest side of the
reservoir, variances between 0.1 and 0.15 werenaddeindicating the periodic presence of
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macrophytes, probably associated with the variatotlowing the direction of the wind (as
pointed by e.g. Leite, 1998; Martins et al., 2011).

4.2.2 Time series outliers identification in the PC loadings

By applying PCA in the NDVI dataset, the four vagas obtained for the

first five principal components are listed in Takle

Table 11. Proportion of variance and proportionlaxgd by the first five PCs.

PC1| PC2| PC3| PC4| PC5

Proportion Variance (%) 61| 8 4 3 2

Cumulative Variance (%) | 61| 68| 72 75 77

Proportion Explained (%) 79| 10| 5 4 2

Cumulative Proportion (%) 79 | 89 | 94 | 98 | 100

The proportion of variance retained in PC1 was 6détcating that NDVI
values fluctuated over time, confirming the varigpin spatial distribution and abundance of
aquatic macrophytes in the reservoir. Consideri@@,FPC3, PC4 and PC5, they had low
explanation power towards the variance as they sanmm only 17% of total proportion
variance. Due to the proportions retained fromfits¢ PC and the lower proportions from the
others, only the first component was used for @st of this study, in order to sectorize areas
of the reserve as to the temporal correlation endtcurrence of macrophytes.

The temporal profile of the first principal compondoadings is shown in
Figure 18(a), which highlights the points in whitie correlation between PC1 and a specific
date was less than 0.5, considered outliers. Th¥INmages corresponding to the dates
coincident with these outliers are shown in Figd&b), allowing the identification of
atypical behaviors in the image or in the disperssbmacrophytes in the reservoir. From the
PC1 loadings time series, it is possible to vetiifgt most temporal NDVI images presented
positive correlation with PC1, some of them lar¢fean 0.7. This means that the spatial
pattern observed in Figure 17(a) is similar in sevéme periods of the study, except in the

case of outliers, when the correlation decreasediderably.
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Figure 16 Temporal profile oithe PC1 loadings highlighting (a) the outliers, dbjl the
images corresponding to these outliers. PC1 repte$d % of variabilityof NDVI data.

While the spatial distribution of the NDVI tempornaleansand variances
indicate the recuent presence of macrophytessectors designated as A and B, the NI
images highlighted as outliers in the PC1 loadmgdile show scenarios in which the spa
distributionsof the macrophytes in the reservwere quite different. The first NDVI imge
(10-25-1992) showed small incidence of macrophytes in the resenaifferent from the
patternsobserved on most da, which exhibiteda high density of plants dispersed differet
on the reservoirThe low temporal correlation that differentiathe NDVI images obtaine
on 1997-09-05, 1999-082, 201-05-15, 2014-08-13 and 2015-@&-is probably associatt
with theenvironmental or meteorological variables thatueficd the spread of macrophy.

The exception observed was in the image2012-12-1] a scene acquired by the ETI
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sensor that shows strips without data due to SLIC-Ien, in the case of missing values in
the SLC-Off pixels, they were interpolated usingaman filter applied to each time series

once they were extracted for each pixel.

4.2.3 Regions of homogeneous temporal variability

The definition of the specific sites to monitor tihend behavior, seasonality
and ruptures in the temporal pattern in the spdigersion of macrophytes in the reservaoir,
considered the mapping of the regions that predesiteilar temporal correlations. Figure
19(a) shows the spatial distribution of PC1 scoegpressed in number of standard deviations
around the mean, while Figure 19(b) shows the regiormed by a K-means clustering of the

similar PC1 scores.

(a) Scores for the first PC (b) K-means clusters
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Figure 17. Spatial distribution of temporal PClrsso(a) expressed in number of standard

deviation, and (b), regions of similar PC1 scorefsnéd by K-means clustering.

Figure 19(a) represents the spatial distributiosedaon the results of the
PC1, showing similar patterns observed in resuftsFigure 17(a). Since most of the
correlations of PC loadings of Figure 18(a) area¢gu higher of 0.8, it can be concluded that
more than 64% of variance of the area are explaifiéése correlations show that their
respective quarters have a strong similarity toothe depicted in Figure 19(a).

The PC1 scores clustering by the K-means algoritiith eight classes

shows the temporal variability in the occurrencemaicrophytes for each pixel of the image.
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This clustering was compared with Figure 17(a) whewas verified that the sectors A and B
were segmented in small regions, just as the vassan the middle of the reservoir defined
large regions characterized by small variations ¢ivee. In addition, the segmented regions
can be spatially significant, in terms of the matrgtes occurrence in the reservoir, so those
groups of pixels included in the same class withepadtial connection among them define
different regions. Thus, the twelve sectors degdicte Figure 19(b) were considered
representative of the temporal variability in tipatsal dispersion of macrophytes in the Salto

Grande reservoir.

4.2.4 Trend and temporal changes in homogeneous ase

As specified in the methodology, the analysis ehtr and seasonality, as
well as the breaks in the time series, considezgibns of homogeneous temporal variability,
spatially aggregated by the K-means algorithm. Aaracterize these regions in the reservoir
context, they were grouped according to their pmsiin the water body. The results of the
NDVI time series decomposition by the BFAST aldumt for each region are presented
according to this grouping. Thus, sectors 1, 2 &nllat define the location near the dam are
shown in Figure 20, while Figure 21 depicts segmént5, 6 located upstream of the dam.
Sectors 7, 8 and 9, in the middle of the resenaig, represented in Figure 22 while sectors
10, 11 and 12 that are under the river influence lacated upstream of the reservoir are
illustrated in Figure 23.

Thus, Figures 20, 21, 22 and 23 present plotsh eme referring to a
specific sector, plus a map indicating the locatiérthe sector in the reservoir context. The
graphs comprise three horizontal panels, the uppershows the average values of monthly
NDVIs over time ;) and the other panels indicate the results of tinee series

decomposition by the BFAST for each region congdes; is the seasonality component,
and T, shows the breakpoints detected in the generall tfeherep is the slope and p is p-

value). The remainder component is omitted.
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Figure 18.Time series generated for sectors 1, 2 and 3 @taa) and their decomposition

BFAST. For each graply; represents thaverage values of monthly NDVIs over tinS; is
the seasonality componefT; is thebreakpoints detected in the generald (wherep is the

slope and p is p-value).

In the Figure 2, region 1 shows two significant breakpoints, amel@cade
of 1990 and the other near 2005, with negative mad@es. According to CETESB (199!
while there existno studied sample point for that epocl Salto Grande, Atibaia Rive
contained above average quantities of ammoniaogdtr and other nutrients, which a
contribute for eutrophication. In the decades of 88d 90s, also, the control was made
using “drag line” tractors to remove the aquatic plantsl aeposit them directly on dun
trucks (CPFL, 2009). The 20( 2010 results of Macedo (2011) indicated this peas
having constant macrophytes near the dam, whéiowrs in the cortant trend comgnent of
Figure 20 (sector 1,e., insignificant at 0.05 level). Moreover, aatdiog to Macedo (2011
2010 was the period with less quantity of aquatamts in the areas of the reser, thus
corroborating our results in che 1 and 3 of Figure 20, whicduggest decreasing magnitut

near that year.
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Figure 19.Time series generated for sectors 4, 5 and 6 @gstrof the dam) and the
decomposition by BFAST. For each grajY; represents th@verage values of month

NDVIs over time,S; is the seasonality componelT; is the breakpoints detected in 1

general trend (wheifgis the slope and p is-value).

From Figure21, chartgl and 5 present no breakpoints and ts are almost
constant over time, while che6 presentawo breakpoints. The first two clusters repres
low NDVI values, mostly betwee-0.2 and 0.2, indicating the absence or browninghe
macrophytes, probably due to wind flux (Martinsakt 2011) It also confirms the spati:
pattern of low correlation observed in the PC1 assofFigure19a) for this region.
Furthermore, chart Bdicated two breakpoints followed bydecrease in the trend compon
in agreement wittMacedo (2011), who: results showe@010 as the year wifewer amounts

of macrophytes.
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Figure 20.Time series generated for sectors 7, 8 and 9 (mnidtllthe reservoir) and the

decomposition by BFAST. For each grafY; represents thaverage values of month

NDVIs over time,S; is the seasonality componelT; is the breakpoints detected in 1

general trend (wheifgis the slope and p is-value).

From charts 7, 8 and 9 of Figu22, noabrupt change¢ for the first two

sectors in thérend componess neither significant slopes (at 0.05 lgwskre observed. These

regions also represent low NDVI vali (around 0) indicating the absence of aquatic pl,

even after the breakpoint in Sect. These areas are located in the tle of the reservoir,

where the initial analysis showed low variabilin addition tolower mean values for tf

period analyzed (Figure 17
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Figure 21.Time series generated for sectors 10, 11 and 1&r@gm of the reservoir) al
their decomposition by BFAST. For each graY; represents thaverage values of month

NDVIs over time,S; is the seasonality componelT; is the breakpoints deted in the

general trend (wheifgis the slope and p is-value).

For areaB of the reservoir, whersectorslO, 11 and 12 are located (Fig
23), most variability and high NDVI valuewere observed. On the one hand, for these t
regions, for the entirstudy period, there is almost no decrease in N@Xtept for year
1990 (chart 11) and 2010 (charts 10 a2), where asmooth decaying weobserved in the
trend component. On the other hand, values of Niwere higherthan 0.4 since 2010,
indicating hidn presence of plantsThese charts presented more prominent pos
magnitudes indicating &apic increase of NDVI values than negative ones. Accwydio
CETESB (2005), ir2010, high inpui of phosphorus wertound near AtibaicRiver which
contributed tahe proliferation of bacteria and pla that wererecurrent duringthe following
years. This is probably due to agricultural ackgtnear the region (especially in sumn
and the effluent from domestic sewers originatirapf Camgnas and nearby mucipalities
(Fonseca (2013) and Carvalho et al. (201

As can be se¢ from BFAST results, areas A and B hseveral abrupt

(negativeand positive) chang (Figures 20 and 23)while most part of the middle
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reservoir did nopresent any abrupt char (Figure 22), in agreementith Figure 17. At least
one breakpoint was found in time series for eacfelpivhere magnitude differs from ze
and also indicating that at least one abrupt chayogeirred in these areas as well as
gradual changes. Area Bad the biggest cluster of abrupt changes (both negadind
positive), indicatingthat almost the entire area suffered changes, only few pixels
presented a value of zero magnitude, explaining #is great variabilit of NDVI found in

the region.

4.3 Analysis of the influence of exogenous varides on the spatitemporal behavior of

aquatic macrophytes in the Salto Grande Reservc

By using the PCA and -means classification results of Experim2 as
seen in Figure 19(b), thmean NDVI of the pixels with each sector w: calculated and the
mean NDVI time series were built agaiNDVI for the entire reservoir area v also
calculated (referred as global NDVI). Finally, gpsuof interestregion:) were created as
follows: 1, 2and 3 were considered the “near daregion. Sectorgl, 5, 6, 7, 8 and 9 ¢
“reservoir body” regiorand 10, 11, 1lisectorswere the “near the riverregion. Figure 24

summarizes the sectors and areas dein this study.

= Naar dam
Middle of reservoir
= Near the river

UTM 23S
N \WGS84 (m)

Figure 22.Twelve sectors obtained by-means clustering of PCdcores, aggregated ir

three regions: near dam, middle of reservoir arat tree river

The features extracted from the images that cheniaetl the reservoir ar
its surroundings were: the VI values for each pixel of the 12 segmented afgasupec

into three sectors in the analysis of the influenceliohatic variables- Figure 24) and the
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average NDBI and NDVI calculated for tlreservoir environment (Figure 14) and the
water body (Figure 14(k)respectively, in the analysis of the influené¢he environmen

4.3.1 Anthropogenic influence in the patial-temporal macrophytes ¢ynamics

The BFAST decomposition of the mean NDVI time serer the entire
reservoir, obtained by usinmask from Figure 14(dpr each quarterly image and the mi
NDBI time series for the surroundings of the reser¢gmaskfrom Figure 14(b), are shown
in Figure 25 The graph comprises four horizontal pis: the upper one shows the m
values of NDVI (n red) or NDBI (in blue) over timeY;) and the other panels indicate
results of the time series decomposition by the BFAor each indexS; is the seasonality
component]; is the general trend (with a single breakpointhi@ NDBI trend) ante; is the

remainder component.
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surroundings, along with BFAST decomposit Y; representshe mean values of NDVI ¢
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By extracting trend and seasonality of global NDafid each climatic
variable (Air Temperature, Meridional Wind, Zonalif and Precipitable Water) using the
BFAST algorithm, no breakpoint was found in thebgloNDVI time series. However, an
increasing trend was observed in the studied penmn NDBI time series only presents an
increasing trend after the breakpoint in 1992. Canmg the time period where both NDVI
and NDBI increases in trend, it is observed thhvalues of NDVI are positive, while the
NDBI values are negative. Using the conventionndee in NDBI showed continuous
predominance of vegetation more than urban arebarersoil in the region.

The mean values represented in the original ND\A HDBI time profiles
make up the first panelry) of Figure 25 and pointed to the higher variapilitf NDVI,
associated with the occurrence of macrophytesanrélservoir. The mean NDBI time series
resulted in low values, probably due to the contrdn of bare soil in the agricultural area.
Seasonal fluctuations in NDVI and NDBI followed tlsame pattern, as shown by the
seasonality componentS,j. This suggests that the periods of higher ocogee of
macrophytes in the reservoir are synchronized with increase of bare soil in its
surroundings, as the larger variations in NDVI ealifthe residuals in the bottom pareg))
confirm.

The T,component showed a growing tendency in the macteghy
occurrence in the reservoir (increase in NDVI), lwHNDBI remained practically constant
after a period of decline between 1984 and 199fhifinitial period, the effects of the water
quality degradation were already noticed, triggebgdthe intense urbanization that had its
peak in the early 1980s (Martins et al. 2011). Tretallation of industrial parks and the
spread of sugarcane cultivation seem to have ledtabilization of the anthropogenic
occupation. However, in the water body as a whtbis,process triggered the development of
extensive aquatic macrophyte banks, accumulatinp@margins and near the dam displaced
by the flow of water and wind.

The cross-correlation between the mean NDVI tineseof masks 14(c)
and the mean NDBI time series of mask 14(b)-appsedne was calculated. The value
obtained was 0.316, meaning that they have sligitgitive correlation and significant at 5%

level.
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4.3.2 Climatic variables influence on spatiotemporadynamics of macrophytes

From the data provided by NOAA/ESRL, the time semesre constructed
for air temperature, southern meridional winds,atavinds and precipitable water. Figure 26
shows these climatic variables time serig3 &s well as the seasonality;X and trend T;)

components resulting from the application of BFAST.

BFAST for standardized Air Temperature time series BFAST for standardized Meridional Wind time series
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Figure 24. Standardized climatic time series aneirtiseasonality §) and trend T;)
components resulting from the application of BFA®fFocedure to: air temperature,

meridional winds, zonal winds, and precipitableavat

The marked cyclical characteristics of the temporatiations of Air
Temperature and Precipitable Water is noticeablenew the original profiles of these
variables, but the seasonality component captuned dycle in the meridional and zonal
winds data. Regarding the general behavior of tivesmbles over time, meridional winds
presented a decreasing trend without breakpointslewprecipitable water presented an
increasing trend also with no breakpoints. Air Tengpure showed a trend breakpoint in 1990
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and zonal winds, however, presented two breakpainits trend component: in 1997 and in

2012. The periods of 1990-1993 and 1997-1998 wermgs of strong El Nifio occurrence

and 2012 was period of La Nifia (S& et al., 2018)st breakpoints found on air temperature
may indicate the behaviour on El Nifio, with ince@s air temperature. El Nifio and La Nina
may also have influence on zonal winds breakpowtsich are more forceful eastward-

blowing winds in the tropical western areas andkeeaad easterly winds near the Americas
(Carlowicz and Schollaert, 2017).

4.3.2.1 NDVI and climatic variables correlation

The cross-correlation of;, i.e., between the mean NDVI time series of
mask from Figure 14(c)-applied scenes and the tiimaariables time series were also
obtained at 5% significance level. Correlating ¢ih@bal NDVI with Air Temperature, Zonal
and Meridional Winds, and precipitation resultedhia correlation values of -0.07, 0.07, 0.04
and -0.2, respectively, indicating that only préation is slightly negatively correlated with
the global NDVI.

On the other hand, the correlations between theeotse trend and
seasonality time series components of each clinvati@ble with the global NDVI result in
high correlations for some of the variables, asnshm Table 12, where trend component is

found in the lower part of principal diagonal am@sonality for upper principal diagonal.

Table 12. Correlation matrix obtained for trend paments (values in blue above the
diagonal) and seasonality (values in green abowalidigonal) extracted from the time series
of the global NDVI time series and each of the elilm variables: air temperature (Air

Temp.), southern and zonal winds (Mer. Winds and.ZA&inds), and precipitable water

(Prec. Water).

NDVI Air Temp. Mer. Wind Zon. Wind Prec. Water
NDVI 1 -0.5958 0.8751 -0.8835 -0.7551
Air Temp. 0.7061 1 -0.3217 0.3092 0.93
Mer. Wind -1 -0.7061 1 -0.7659 -0.6191
Zon. Wind 0.1947 0.5084 -0.1947 1 0.4328

Prec. Water 1 0.7061 -1 0.1947 1
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By considering global NDVI trends, they are strgngbrrelated with the
climatic trends of the reservoir area, with valwds-1 and 1 also being found, i.e., the
piecewise regression lines for those trend compsnesrre similar. For seasonality, high
positive and negative values were also observé@¥%Q. and -0.8835) when comparing NDVI

seasonality with the climatic variables seasonality

4.3.2.2 Influence of climatic variables on macrophytes occurrence in specific reservoir

sectors

To analyze the influence of climatic variables dme toccurrence of
macrophytes in the different regions of the resergweer time, the correlation between the
time series of these variables and the mean NDMhfeach of the twelve clusters resulting
from the K-means applied to the first principal gmment was calculated. The time series
cross-correlation was calculated and presentedgurd& 27 by means of a bar plot, with each
bar representing sequentially sectors 1 to 12,mgdun regions “near dam”, “reservoir body”

and “near river” by colors.
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Figure 25. Correlation between climatic variab{dg Tempetature, Meridional and Zonal
Winds and Precipitable Water) and the mean NDVéadh area of reservoirs defined by a

temporal PCA. The bars represent sequentially seétto 12, grouped in regions by colors.

The correlation values between the time serieshefdimatic variables
and the NDVI by area were all lesser than 0.5 atluexcept zonal winds, defined a different

behavior for the three regions of the reservoin &o temperature and precipitable water,
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similar behaviors of correlatiorwere observed in Figure 27: thesxere positively correlated
with NDVI in the near dam and near river sectord aegatively correlated with NDVI ithe
reservoir body. Meridional inds were negatively coglated with NDVI in these sectol
while positively correlated in the reseir body. Zonal winds seero beuncorrelated with
the reservoir body, but negatively in the near @dea mostly positively in the near river. T
highest negative and positive rrelations occured fomeridional vind and precipitation,
respectively, both in the near river sector. Adiden zonal wind varible, all others produce
clear correlations patterns.

By decomposing each time series using BFAST irgadrand seasonali
and correlating the results with standardized meBxvNthe followings values on Figure$
and 29were obtained for the three sectors and areas,liwék representing sectors 1 to

sequentially.

Correlation between variables and NDVI trends by area

= Near dam
— Reservoir body
= Near river
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Figure 26.Correlation between the trend component the time series of ea
climatic variable and the mean NDVI for the segmersectorsgrouped byregionof
the reservoir. The vertical lines represent theretations for sector 1 to 12

sequentially.
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Correlation between variables and NDVI seasons by area
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Figure 27 Correlation between the seasonality componerthe time series of each clime
variable and the mean NDVIr the segmented sectors grouped by re( of the reservoir.

The vertical lines neresent the correlationor sectordl to 12, sequentiall

The trend component over time resulted in a lowetation between th
mean NDVI of the segmented areas and the climati@mbles, none of which ceeded 0.3,
as shown in Figure 270n the other hand, the greater correlations nbthibetween th
seasonality components of the time series of tineatic variables and the mean NDof the
segmented areas (Figur9) indicate that the spatial dispersion and penscgeof aquati
macophytes in specific locations of the reservoir estated to the cyclical variations
precipitation, air temperature and winds from tloaitS. Both precipitation and temperatt
variables that defined a high correlation with tiBVI for the seasonay component, had
similar behavior for the three sectors of the nesier positive correlations in the sectors n
the dam and in the environment under the influeoic¢he river. However, the seasol
variability in the occurrence of macrophytes in teservoir body had a negative correlal
with these variables (dtirgel than 0.5, with the exception of area 4).

Meridional wind: had a positive correlation amgproximatel 0.5 with the
areas defined as the reservoir body, indicatingttieoccurrere of macrophyte banks in tt
sector is influenced by the seasonal behavioregdlwinds. Zonal wincpresented very little

influence in all sectors.



73

4.3.3 Granger-causality models

By the results of previous sections, a study ofdtesality of the variables
air temperature, zonal winds and precipitable watdhe global NDVI was carried out. No
single root presence was detected; thus, no diffettéon was necessary for these time series.
Granger's causality was applied to the time sewmnag the fourth lag of each climatic
variable. The models were defined by adding amagach variable until P(<F) <0.05, that is,
considering a significance level of 5%. The climatariables considered the number of lags
used and the p-value obtained for the models tleattine 5% significance level, are shown in

Table 13. The variables that defined each modeslaoe/n in equations (11) to (14).

Table 13. Granger’s causalities (GC) p-values betwbe environmental variables and global

NDVI for maximum lag obtained by BIC.

Variable GC NDVI

Cause Lags used P(<F)

Air temperature 1,2,3,4 0.0001
Precipitable water 1,234 0.0086
Meridional wind 1 0.0006
All three 1,2 0.0001

Model equations (11) through (14) are the full @stricted) models, which
were compared with their respective restricted mode, the models obtained by setting
all Bs,ys andds all equal O for each equation. The column Variab{& NDVI shows all p-
values below the significance value 0.05, indigatimat all climatic variables Granger-cause
NDVI in all models from (11) to (14). This meansth

(i) the air temperature time series Granger-cabkd@g¢l, as the knowledge
of past values of air temperature (in this caser tpuarters behind) is useful (as pointed by
the p-value < 0.05) in explaining the future of ND8fate over and above knowledge of the
past history of NDVI;

(i) the precipitable water time series Grangersesu NDVI, since
knowledge of the past four values of precipitablater helps in explaining the future of
NDVI state as same in (i);
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(i) the meridional wind time series granger-cau$DVI, this time with
only the knowledge of only one lag (i. e., last geig, helping in predicting future NDVI as
well;

(iv) with a model using the three variables air pemature, precipitable
water and meridional winds, by using only two laj®ach variable, it is possible to say that
they Cranger-cause NDVI. This is useful as con@tatioes not imply causation.
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5 CONCLUSIONS AND RECOMMENDATIONS

Monitoring the growth of macrophytes in aquatic iemwments is essential
to establish management practices and control tegr-abundance, preserving the
sustainable conditions of the ecosystem and th&hheathe population that lives close to
them. As demonstrated in this study, remote sensiggther with historical data of climatic
variables, statistically analyzed through timeesrcan provide information on growth trends
and spatiotemporal behavior of aquatic macrophytesitrophic lakes and reservoirs.

The Experiment 1 study with Pixel QA band enabled¢dampare the band
values for entire images and for the same imagpped for a small region. In the case study,
0.17% of the entire image was analysed and washpede note the differences: the clipped
images showed reduction of QA values and mostehtshowed reduced standard deviation
of remained component. Considering the full imageetseries, using the mean values as a
QA indicator should be assessed, for example, wi¢ghinformation of F-mask algorithm,
since 40% of the entire images were considereswasconfidence cloud shadow presence.
This indicates that a possible metric could be teedased on these values and values of
standard deviations for small areas, for examplewsng a user which images are considered
without clouds (cloud shadows) with F-mask alganthwhich got a small mean QA value,
small values of standard deviation, change of cemite level, etc. Furthermore, this first
experiment showed that the images have the negegsality to precede with the time series
analyses.

The exploratory analysis of mean and variance ipeiment 2 already
highlighted the persistence of macrophytes behawiothe reservoir. Applying PCA and
adopting PC1 results for K-means clustering magestsible to map sectors of homogeneous
NDVI variability. By using the BFAST algorithm, Wwas possible to analyze the aggregated
NDVI time series for each sector and to identifycnophytes persistence. Most abrupt
changes, found by the breakpoints, also highligliedimportance of monitoring regions of
the dam and near the river. From all BFAST chaftExperiment 2, it is important to note
that most of the slopes were positive and sigmtficat 0.05 confidence level, indicating
increasing of NDVI through years. Even after a kpeént showing decrease (like in sector 1
in Figure 18), the trend started to grow positivalyain. Interestingly, only chart 6 had
significant decrease in NDVI in recent years (afteo abrupt changes of increase). Results
presented in this paper showed that BFAST appleedhe K-means clustered areas of

reservoir was capable of identifying the resenhaterogeneity and abrupt breaks in similar
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periods in more than one region and an increasingazrophytes around the almost entire
reservoir.

In Experiment 3, to evaluate the influence of exmges variables on the
dispersion temporal changes in the macrophyte o&ace in reservoirs located in anthropic
areas, a time series analysis approach basedrdns$ extracted from Landsat images and
climatic data was designed to investigate two stesa Firstly, the influence of
anthropogenic occupation around the reservoir wassidered, comparing NDVI and the
NDBI time series. The influence of weather conditavas evaluated through joint analysis
of NDVI time series and climatic oscillation timeofiles, constructed from the NOAA
historical records of the air temperature, meridicend zonal winds and precipitable water.
The analysis developed with the information prodidky the indices and exogenous variables
within a time-series decomposition approach higited important patterns and the utility of
these variables in the macrophytes spatiotempefahior. With a higher variability, NDVI
showed similar seasonal patterns with NDBI whileinteaning an increase in trend for all
studied period, confirming that the macrophyteshim reservoir still are in greening process.
Moreover, this process is also highlighted whenomy trend and seasonality are correlated
in specific locations of the area with the climatariables (precipitable water, air temperature
and meridional winds clearly showed patterns witbM¥), but also when incorporating these
three variables to the NDVI series through a Grawgesality model. When combined to
lagged values, the climatic variables were foun&tanger-causality NDVI, thus, important
to describe and predict the macrophytes’ persistenc

The developed method in this research, based oarthigsis of time series
generated from free of charge Landsat images amdatit data, can be useful in the
management of reservoirs subject to systematicaphagte infestations, both for government
agencies and private companies. Knowing when andravicontrol measures should be
applied makes the process more efficient and allchesing the most appropriate type of
management for each situation. Limitations wer® &sind, mainly the lack of cloud-free
images and correct images of Landsat 7 ETM+ Slcgeffiod. The quarterly time series
approach was necessary in order to get equispaoedseries and interpolation for missing
values and correction of Slc-Off problem.

As recommendations, the entire methodology (timeeseconstruction
using the first principal component to analyze ftheality of image, segmentation in
homogeneous zones, statistical tools like BFASTodgmsition, Granger-causality, and

inspection of QA band) can be applied and adjustedcrop monitoring, as well as
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productivity breaks, forested areas, etc. Gointhkrr the quality assessment is also possible,
being possible to investigate new metrics of quadihich can be created by comparing, for
example, results of Experiment 3 and scores gesgerfar each user’s action through their
researches. Furthermore, as pointed in Experimentsidg the first principal component
loadings could also help in the analysis, as imag#s low quality were highlighted during
the process.
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